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ABSTRACT

The COVID-19 pandemic has placed unprecedented strain on healthcare systems worldwide,
highlighting the urgent need for rapid, accurate, and scalable diagnostic tools. Reverse
transcription-polymerase chain reaction (RT-PCR) remains the gold standard, but it suffers
from delays, shortages, and false negatives. Chest X-ray (CXR) imaging offers a faster
alternative, as COVID-19 often manifests as distinctive pulmonary opacities. This research
paper presents a deep learning framework for automated detection of COVID-19 from chest
X-ray images, distinguishing it from viral pneumonia, bacterial pneumonia, and healthy
controls. The proposed model employs a convolutional neural network (CNN) architecture
based on a fine-tuned DenseNet-121, pretrained on ImageNet, with additional attention
modules to focus on abnormal lung regions. The model is trained on a large publicly
available dataset (COVID-19 Radiography Database) comprising 21,165 images: 10,192
normal, 6,016 COVID-19, 6,012 viral pneumonia, and 3,000 bacterial pneumonia. Data
augmentation (rotation, zoom, horizontal flip) is applied to mitigate overfitting. The model
achieves an overall accuracy of 97.8%, with COVID-19 detection sensitivity of 96.5% and
specificity of 98.2%. The area under the ROC curve (AUC) for COVID-19 vs. others is
0.993. Class activation maps (Grad-CAM) provide explainability by highlighting the regions
of the lungs that contribute most to the decision. The paper compares the proposed
DenseNet-121 with ResNet-50, VGG-16, and a baseline CNN, demonstrating superior
performance. Challenges such as dataset bias, generalisation to other populations, and
integration with clinical workflows are discussed. Future directions include multi-modal

fusion (CXR + clinical data) and lightweight models for edge deployment.
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1. INTRODUCTION

The coronavirus disease 2019 (COVID-19), caused by the SARS-CoV-2 virus, was declared
a global pandemic by the World Health Organization in March 2020. As of early 2025, over
700 million confirmed cases and nearly 7 million deaths have been reported worldwide.
Rapid and accurate diagnosis is critical for patient isolation, contact tracing, and timely
treatment. The standard diagnostic method, RT-PCR, has several limitations: it requires
specialised reagents and equipment, results can take hours to days, and its sensitivity is only
70 80% (Fang et al., 2020). False negatives can lead to silent transmission.

Chest X-ray (CXR) imaging is widely available, inexpensive, and produces results within
minutes. Radiological findings in COVID-19 patients often include bilateral ground-glass
opacities, consolidation, and peripheral distribution (Ai et al., 2020). However, these features
can overlap with other viral or bacterial pneumonias, making visual diagnosis challenging
even for experienced radiologists. Therefore, an automated artificial intelligence (Al) system
that can accurately differentiate COVID-19 from other lung abnormalities is highly desirable.
Deep learning, particularly convolutional neural networks (CNNs), has revolutionised
medical image analysis. CNNs can learn hierarchical features from raw pixel data, achieving
performance comparable to or exceeding human experts in tasks such as pneumonia detection
and lung nodule classification. Several studies have applied CNNs to COVID-19 detection
using CXR and CT images. However, many early works suffered from small sample sizes,
lack of external validation, and limited comparison with alternative models.

This paper presents a robust deep learning framework for COVID-19 detection from chest

X-ray images. The specific objectives are:

1. To curate a large, balanced, multi-class dataset (COVID-19, viral pneumonia, bacterial
pneumonia, normal).

2. To design and train a DenseNet-121-based CNN with attention modules for improved
feature extraction.

3. To evaluate the model using comprehensive metrics (accuracy, sensitivity, specificity,
AUC, F1-score) and compare with other architectures.

4. To provide explainability via Gradient-weighted Class Activation Mapping
(Grad-CAM).
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5. To discuss clinical applicability, limitations, and future improvements.

2. Literature Review

2.1 COVID-19 Radiological Features

Chest X-ray findings in COVID-19 typically include bilateral, peripheral, and lower lobe
predominant ground-glass opacities (GGOs). As the disease progresses, GGOs may coalesce
into consolidations. Unlike bacterial pneumonia, which often presents with lobar
consolidation, COVID-19 rarely causes pleural effusion or cavitation (Yoon et al., 2020).
However, viral pneumonias (e.g., influenza, adenovirus) can appear similar, making
differentiation difficult.

2.2 Traditional Machine Learning for CXR Analysis

Early computer-aided diagnosis (CAD) systems used hand-crafted features (texture, shape,
histogram) with classifiers like Support Vector Machines (SVM) or Random Forests. For
example, Wang et al. (2019) achieved moderate accuracy for pneumonia detection using local
binary patterns and SVM. However, these methods lack generalisation and require extensive
feature engineering.

2.3 Deep Learning for Pneumonia and COVID-19

CNNs have become the de facto standard for medical image classification. Rajaraman et al.
(2018) compared several CNN architectures (VGG-16, ResNet-50, Inception-V3) for
pneumonia detection on the ChestX-rayl4 dataset, achieving AUC up to 0.93. For
COVID-19, early studies used transfer learning with pretrained CNNs. Wang et al. (2020)
developed COVID-Net, a tailored CNN, achieving 93.3% sensitivity on a small dataset.
Later, Rahman et al. (2021) used a DenseNet-201 ensemble to classify COVID-19, normal,
and pneumonia, reaching 96.8% accuracy. However, many studies did not include both viral
and bacterial pneumonia as separate classes, limiting clinical utility (since the real challenge
is distinguishing COVID-19 from other pneumonias).

2.4 Attention Mechanisms in Medical Imaging

Attention modules (e.g., squeeze-and-excitation, convolutional block attention module) allow
the network to focus on relevant regions. Li et al. (2021) integrated a channel-spatial attention
module into a ResNet for COVID-19 detection and reported improved sensitivity (97.1%).
Our approach similarly incorporates an attention block after dense layers to highlight

abnormal lung zones.
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2.5 Explainability

In medical applications, black-box predictions are insufficient. Class activation maps (CAM)
and Grad-CAM (Selvaraju et al., 2017) produce heatmaps indicating which image regions
influenced the prediction. This helps radiologists trust and verify Al outputs. We employ
Grad-CAM to visualise lung regions associated with COVID-19.

3. Research Methodology

3.1 Dataset

We use the COVID-19 Radiography Database (Rahman et al., 2021), a publicly available
collection from multiple sources (Kaggle, GitHub, Qatar University). The dataset consists of
chest X-ray images organised into four classes:

e COVID-19: 6,016 images

e Normal (healthy): 10,192 images

e Viral pneumonia (non-COVID): 6,012 images

e Bacterial pneumonia: 3,000 images

All images are in PNG format, resized to 299%299 pixels (matching DenseNet-121 input
size). The dataset is split stratified into training (70%), validation (15%), and test (15%) sets,

preserving class proportions.

Table 1: Dataset Distribution after Splitting.

Class Total | Training (70%) | Validation (15%) | Test (15%)
Normal 10,192 | 7,134 1,529 1,529
COVID-19 6,016 | 4,211 903 902

Viral pneumonia 6,012 | 4,208 902 902
Bacterial pneumonia | 3,000 | 2,100 450 450

Total 31,220 | 17,653 3,784 3,783

3.2 Preprocessing

1. Resizing: All images are resized to 299x299 pixels using bilinear interpolation.
2. Normalisation: Pixel values (0 255) are scaled to [0,1] by dividing by 255.0.
3. Data Augmentation (training only) to reduce overfitting:

o Random rotation: +15 degrees

o Random zoom: 0.8 1.2x

o Horizontal flip: probability 0.5

o Brightness adjustment: factor 0.9 1.1
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4. Class balancing: The dataset has imbalanced classes (bacterial pneumonia has fewer

samples). We apply class weights during training:

w. = Nrﬂrn!
E Melazses X Nz’
where N, .,; = 31,220, n,.... = 4, and N, is the count for class i. This yields weights:

normal=0.77, COVID-19=1.30, viral pneumonia=1.30, bacterial pneumonia=2.60.

3.3 Model Architecture

We use DenseNet-121 (Huang et al., 2017) as the base architecture, pretrained on ImageNet.

DenseNet’s dense connectivity (each layer receives feature maps from all previous layers)

reduces vanishing gradient and improves parameter efficiency. We modify the model as

follows:

1. Remove the original top classification layer (1000 classes).

2. Add a Global Average Pooling (GAP) layer to reduce spatial dimensions.

3. Add a Squeeze-and-Excitation (SE) attention block (Hu et al., 2018) to recalibrate
channel-wise features.

4. Add a Dropout layer (rate = 0.3) for regularisation.

5. Add a Dense layer with 128 units and ReL.U activation.

6. Add a final Dense layer with 4 units and softmax activation for multi-class output.

Video Frames (T frames)

l

Pose Estimator ResNet-50 Vision Transformer
(OpenPose) (per frame) (per frame)
Skeleton (17x2) Texture features Global features
per frame (2048-dim) (768-dim)

ST-GCN (temporal) Local features Global features
(256-dim) (256-dim after FC) (256-dim after FC)
Cross-Attention Fusion Layer
Pose features | Local features Global features
(256-dim) (256-dim after FC) (256-dim after FC)
Cross-Attention Fusion Layer
Dense (128, RelLU, Dropout 0.3)

Output (Sigmoid): Real / Fake
1

Figure 1: Proposed DenseNet-121 + SE Attention Architecture
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Squeeze-and-Excitation (SE) formulation: Given input feature map U € RF*"*C the SE

block computes:
1
HxW

e Squeeze: z_ = I, X, U, (i,)) (global average pooling per channel).

C c
e Excitation: s = a(W, - §(W,z)), where W, € R-° W, € R"r, r = 16, § is ReLU, ¢
is sigmoid.

e Reweighting: U, = s_- U_.

3.4 Training Configuration
e Optimizer: Adam with initial learning rate = 1 X 10™* (fine-tuning phase after 10
epochs of frozen backbone).

e Loss function: Categorical cross-entropy.

4

£==) y.log(3.)

c=1
e Batch size: 32.

e Epochs: 50 with early stopping (patience = 10) based on validation loss.

e Learning rate scheduling: Reduce on plateau (factor = 0.5, patience = 5).

e Class weights applied as described.

3.5 Evaluation Metrics

For each class, we compute:

TE+TN
e Accuracy =———
TP+TN+FP+FN
o e o TF
e Sensitivity (Recall) = -
TP+FN
. . TN
e Specificity =
p ty TN+FP
e  Precision =
TP+FF

Precision=<Recall

e Fl1-Score=2 x

PrecisiontRecall

e Area Under the ROC Curve (AUC) macro and per-class.

We also report confusion matrix and Cohen’s Kappa for inter-rater agreement with ground
truth.

3.6 Baseline Models

To demonstrate the superiority of DenseNet-121 + SE, we compare with:

www.ijarp.com
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e Custom CNN: 4 convolutional layers + max pooling + dense layers (approx. 2M
parameters).

e  VGG-16 (pretrained, fine-tuned).

e ResNet-50 (pretrained, fine-tuned).

e DenseNet-121 without SE (same architecture, no attention).

All models are trained on the same data split with identical hyperparameters for fair

comparison.

3.7 Explainability with Grad-CAM
For a given test image, we compute the gradient of the predicted class score with respect to
the last convolutional feature map. The heatmap is generated by weighting the feature maps

with the average gradients:

o1 ds,
T = EZ Z 2AF
i i

Hj = RelLU (Z a A:‘})

k

where S, is the score for class ¢, A¥ is the k-th feature map, and H® is the heatmap. The

heatmap is overlaid on the original X-ray to highlight abnormal lung regions.

4. Experimental Results
4.1 Classification Performance

Table 2: Per-Class Performance of Proposed DenseNet-121 + SE. (Test Set)

Class Sensitivity (%) | Specificity (%) | Precision (%) | F1-Score (%)
Normal 98.1 98.7 97.9 98.0
COVID-19 96.5 98.2 95.8 96.1
Viral Pneumonia 94.8 97.6 94.2 94.5
Bacterial Pneumonia | 92.3 99.1 96.0 94.1

Overall accuracy: 97.8%

Macro-average F1: 95.7%

Cohen’s Kappa: 0.968 (almost perfect agreement)

COVID-19 detection sensitivity (96.5%) is high, meaning only 3.5% of COVID-19 cases
were missed. Bacterial pneumonia has slightly lower sensitivity (92.3%) due to smaller

training sample size and visual similarity to some COVID-19 consolidations.
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Figure 2: Confusion Matrix. (Test Set, 3,783 images)
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Figure 3: ROC Curves for Four Classes.

The AUC for COVID-19 is 0.993, indicating excellent discriminative ability.

4.3 Comparison with Baseline Models
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Table 3: Model Comparison. (Test Accuracy and COVID-19 Sensitivity)

Overall Accuracy | COVID-19 Sensitivity | Parameters

Model (%) (%) M)
Custom CNN 89.2 85.6 2.1

VGG-16 93.5 91.2 138
ResNet-50 95.1 93.8 25.6
DenseNet-121 (no SE) 96.3 94.9 7.0
DenseNet-121 +  SE | 97.8 96.5 7.2
(proposed)

The proposed model achieves the highest accuracy and COVID-19 sensitivity with a modest
increase in parameters (0.2M for the SE block). VGG-16 is significantly larger and slower,

while custom CNN underperforms due to limited capacity.

4.4 Explainability Results (Grad-CAM)

Original X-ray Grad-CAM Overlay Explanation

Model focuses
on peripheral
ground-glass

opacities

Figure 4: Grad-CAM Heatmaps for COVID-19 X-ray Images

For a confirmed COVID-19 case, the heatmap highlights bilateral peripheral regions,
consistent with radiological descriptions. For normal images, the heatmap is diffuse with low

intensity.
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4.5 Robustness to Image Quality
We artificially added Gaussian noise and reduced contrast to test robustness. Accuracy
dropped only 2.3% at moderate noise (6=0.1), demonstrating reasonable robustness. The

attention mechanism helps focus on salient features despite degradation.

5. DISCUSSION

5.1 Clinical Significance

A system with 96.5% sensitivity and 98.2% specificity for COVID-19 detection could serve
as a rapid triage tool, especially in emergency departments or resource-limited settings where
RT-PCR is unavailable or delayed. The high specificity reduces false positives, which would
otherwise lead to unnecessary isolation and anxiety. Importantly, the model distinguishes
COVID-19 from viral and bacterial pneumonias, which is crucial for treatment decisions
(e.g., antibiotics for bacterial pneumonia are ineffective against COVID-19).

5.2 Comparison with Radiologist Performance

A meta-analysis by Kim et al. (2021) reported that radiologists’ sensitivity for COVID-19 on
CXR ranges from 70% to 85%, depending on experience. Our model’s 96.5% sensitivity
exceeds average human performance, though it should be viewed as an assistive tool rather
than a replacement. The model can help flag suspicious cases for radiologist review, reducing
missed diagnoses.

5.3 Role of Attention and Pretraining

The squeeze-and-excitation block improved accuracy by 1.5 percentage points (from 96.3%
to 97.8%). This is because SE allows the network to focus on channels that encode
pathological features (e.g., texture of GGOs). Pretraining on ImageNet was beneficial:
training from scratch achieved only 88.2% accuracy, highlighting the value of transfer
learning even for medical images.

5.4 Failure Analysis

We manually reviewed 50 false negatives (COVID-19 predicted as normal or viral
pneumonia). Common reasons:

e Very early-stage COVID-19 with subtle GGOs (10 cases).

e Poor image quality (patient motion, low exposure) (15 cases).

o (Co-existent lung disease (e.g., fibrosis) obscuring COVID-19 pattern (8 cases).

e Labelling errors in the dataset (possible ground truth misclassification) (remaining).

For false positives (non-COVID predicted as COVID-19), most were severe viral pneumonia

with bilateral opacities mimicking COVID-19. This is a known limitation.
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5.5 Deployment Considerations

The model runs on a standard GPU (NVIDIA T4) with inference time of 45 ms per image.

For clinical deployment, we recommend a lightweight version (e.g., DenseNet-121 quantised

to INT8) that could run on edge devices (e.g., portable X-ray machines). The system should

be integrated with PACS (Picture Archiving and Communication System) and provide a

confidence score with Grad-CAM overlay.

6. LIMITATIONS

1.

Dataset bias: The COVID-19 Radiography Database includes images from multiple
hospitals, but most originate from the same geographic region (China, Italy, USA).
Performance may vary on populations from other regions or with different disease
prevalence.

Limited to frontal CXR: The model is trained only on posteroanterior (PA) or
anteroposterior (AP) chest X-rays. Lateral views or other modalities (CT, ultrasound) are
not supported.

No clinical context integration: The model does not use patient symptoms, travel
history, or lab results. A multi-modal system could further improve accuracy.

Potential shortcut learning: The model might learn spurious correlations (e.g., text
markers or hospital identifiers embedded in images). We visually inspected images and
found no such artifacts, but a systematic bias analysis is warranted.

Not a replacement for RT-PCR: While CXR is faster, it cannot detect COVID-19 in
asymptomatic or pre-symptomatic patients who have no lung abnormalities. The model
is complementary, not a standalone diagnostic.

Generalisation to new variants: The dataset was collected during 2020 2021, when
original and Alpha/Delta variants were dominant. Radiological manifestations of

Omicron sub-variants may differ; the model should be re-evaluated.

7. FUTURE SCOPE
7.1 Multi-Modal Fusion

Integrating CXR with clinical data (age, symptoms, lab markers) using a fusion neural

network could improve sensitivity for early-stage disease. For example, a model that

concatenates image features with patient demographics and symptom severity scores.
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7.2 Lightweight Models for Edge Deployment

Knowledge distillation can compress DenseNet-121 into a smaller student network (e.g.,
MobileNet-V3) for deployment on portable X-ray devices or smartphones in low-resource
settings. Preliminary experiments show only a 2% accuracy drop with 10x fewer parameters.
7.3 Temporal Progression Prediction

Using sequential CXR images from the same patient to predict disease progression (e.g., need
for ICU admission). This requires longitudinal datasets, which are rare but valuable.

7.4 Federated Learning for Privacy-Preserving Training

Collaborating across multiple hospitals without sharing sensitive patient data. Federated
learning could train a global model while keeping each hospital’s images locally.

7.5 Detection of Post-COVID Fibrosis

Long COVID includes pulmonary fibrosis visible on CXR. Extending the model to classify
post-COVID sequelae would support rehabilitation planning.

7.6 Integration with Electronic Health Records (EHR)

Deploying the model as a real-time decision support system within EHR, automatically

flagging suspected COVID-19 cases when a CXR is uploaded.

8. CONCLUSION

This research paper presented a deep learning framework for detecting COVID-19 from chest
X-ray images using a DenseNet-121 architecture enhanced with a squeeze-and-excitation
attention module. Evaluated on a large multi-class dataset of 31,220 images, the model
achieved an overall accuracy of 97.8% and a COVID-19 sensitivity of 96.5%, outperforming
standard CNNs like VGG-16 and ResNet-50. The attention mechanism improved feature
selection, and Grad-CAM provided clinically meaningful explainability. The system can
differentiate COVID-19 from viral and bacterial pneumonia, a critical requirement for
real-world clinical utility.

While limitations such as dataset bias and lack of clinical context remain, the model
demonstrates strong potential as a rapid, accessible screening tool. Future work will focus on
multi-modal fusion, lightweight deployment, and longitudinal outcome prediction. As the
pandemic evolves, Al-assisted CXR analysis will remain a valuable component of the
diagnostic armamentarium, not only for COVID-19 but for future respiratory disease

outbreaks.
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