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Abstract : Pneumonia remains a leading cause of global
mortality, particularly among children under five, and is
typically diagnosed through chest X-ray (CXR) imaging.
Deep learning (DL) offers a scalable alternative to
expert-driven diagnosis; however, existing approaches
suffer from domain mismatch between natural image
pre-training and medical imaging, as well as insufficient
input quality preprocessing. This paper proposes
EDAVIiT  (Enhanced  Domain-Adapted  Vision
Transformer), an extension of the DAVIT framework
that introduces a dedicated image quality enhancement
stage — comprising Gaussian noise removal — applied
before the standard preprocessing pipeline, and
incorporates additional publicly sourced chest X-ray
training data totalling approximately 5000 images. The
core hybrid architecture retaining the DINOv2-large
Vision Transformer (ViT) for global feature extraction,
a shallow Convolutional Neural Network (CNN) for
local feature refinement, and domain adaptation via the
ChestX-ray8 (CXRS8) dataset is preserved. Evaluated on
the standard Kermany et al. benchmark, EDAViT
achieves a 97.31% Fl-score and 96.14% AUC for
pneumonia detection, and an 82.14% F1-score and
85.19% AUC for pneumonia type classification,
surpassing the original DAVIT baseline and twelve
competing methods. An ablation study confirms the
contribution of each component, and Grad-CAM
visualisations provide clinically interpretable heatmaps
that highlight infection regions in bacterial and viral
pneumonia cases.

I. INTRODUCTION

Pneumonia is a respiratory infection caused by bacteria,
viruses, or fungi that inflames the alveoli and impairs
oxygen absorption into the bloodstream [1]. Globally, it
affects approximately 450 million individuals annually

and is a leading cause of death among children under
five, accounting for 14% of fatalities in that age group —
approximately 740,180 deaths in 2019 [2]. Chest X-ray
(CXR) imaging remains the most accessible and widely
used diagnostic modality, yet accurate interpretation
requires specialist radiological expertise to identify
subtle pathological patterns.

Artificial intelligence (Al) and deep learning (DL) offer
a scalable pathway to automate CXR-based pneumonia
diagnosis. Convolutional Neural Networks (CNNs) have
achieved strong classification performance [3],[4], yet
two persistent limitations constrain their effectiveness.
First, CNNs capture primarily local features due to their
restricted receptive fields, potentially missing the global
contextual patterns needed for accurate detection.
Second, models pre-trained on natural image datasets
such as ImageNet [6] lack the domain-specific context of
medical imaging, resulting in suboptimal weight
initialisation for CXR tasks.

Fu et al. [4] addressed these limitations through DAVIT
(Domain-Adapted Vision Transformer), a hybrid
architecture combining a DINOv2-large ViT for global
feature extraction, a shallow CNN for local refinement,
and domain adaptation via the ChestX-ray8 (CXRS)
dataset. DAVIT achieved state-of-the-art results with a
96.95% Fl-score and 95.56% AUC for pneumonia
detection.

In this work, we propose EDAVIT (Enhanced Domain-
Adapted Vision Transformer), which extends DAVIT by
introducing a dedicated image quality enhancement
stage prior to the standard preprocessing pipeline.
Specifically, Gaussian noise removal filtering is applied
to each raw CXR image to suppress acquisition-related
artifacts and high-frequency noise before patch-level
feature extraction by the ViT. Additionally, we augment
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the training corpus with approximately 650 publicly
sourced CXR images to improve model generalisation.
All other architectural and training components of
DAVIT are preserved, enabling a controlled evaluation
of the preprocessing and data scale contributions.

The main contributions of this paper are: (1) We propose
EDAVIT, which introduces a Gaussian denoising stage
before the DAVIT preprocessing pipeline. (2) We
expand the training dataset with additional publicly
sourced CXR images. (3) We demonstrate improved
performance over DAVIT and twelve baseline methods
across both pneumonia detection and type classification
tasks. (4) We present an ablation study quantifying the
contribution of each EDAVIT component, and apply
Grad-CAM to provide clinically interpretable visual
explanations.

II. BACKGROUND AND RELATED WORK

Pneumonia detection from CXR images has been
extensively explored using DL techniques. Rajpurkar et
al. [4] introduced CheXNet, a 121-layer DenseNet
trained on the ChestX-rayl4 dataset, demonstrating
radiologist-level pneumonia detection. Kermany et al.
[3] applied Inception V3 CNNs to identify pneumonia
subtypes, establishing a widely used benchmark dataset
and evaluation framework. Das et al. [14] developed a
VGG-19-based system, while Hosen et al. [15]
incorporated LIME and SHAP to enhance model
interpretability.

Addressing practical challenges such as data imbalance
and overfitting, Kaya [16] proposed a multi-stage
ensemble CNN with hierarchical template-matching and
feature selection. Buriboev et al. [17] introduced a
Concatenated CNN (CCNN) augmented with fuzzy
logic-based image refinement. Kailasam and
Balasubramanian [5] combined CNNs with YOLO for
simultaneous  classification and localisation of
pneumonia in CXR images. Malik et al. [18] proposed
CDC Net for multi-class chest infection classification

using residual and dilated convolutions.

Recent work has explored Vision Transformer (ViT)
architectures [7] for medical image classification,
exploiting self-attention mechanisms to model long-
range spatial dependencies. DINOv2 [13], a self-
supervised ViT variant, has demonstrated strong visual
representation learning transferable to downstream tasks.
Fu et al. [4] built on these foundations in DAVIT,
showing that domain adaptation from a large CXR
corpus substantially improves performance over
ImageNet-pretrained baselines.

Despite these advances, the role of pre-model input
quality enhancement in ViT-based CXR pipelines has
received limited attention. Classical noise reduction
techniques such as Gaussian filtering have shown benefit
in CXR preprocessing for CNN-based models [16];
however, their interaction with transformer-based patch
embeddings remains underexplored. EDAVIT addresses
this gap by introducing a principled denoising step at the
raw image level, prior to patch extraction.

III. PROBLEM STATEMENT

Let D= {(Xi, yi, ti)} denote a dataset of N labeled chest
X-ray images, where Xi is the i-th image, yi € {0,1}
indicates the absence (0) or presence (1) of pneumonia,
and ti € {0,1} specifies the pneumonia type — viral (0)
or bacterial (1) — when yi = 1.

We define two binary classification tasks. Task 1
(Pneumonia Detection): given Xi, predict yi. Task 2
(Pneumonia Type Classification): given Xi where yi =1,
predict ti. Both tasks are optimised using binary cross-
entropy loss:

L =-(I/N) 2 [yi log y: + (1-y) log(1-y)]

The research questions guiding this study are: (RQ1)
Does the Gaussian denoising preprocessing stage
improve pneumonia detection accuracy over the DAVIT
baseline? (RQ2) Does the augmented training dataset
improve pneumonia type classification performance?
(RQ3) What are the individual contributions of each
EDAVIT component?

IV. EDAVIT: ENHANCED DOMAIN-ADAPTED
VISION TRANSFORMER

EDAVIT extends the DAVIT architecture [4] by
introducing an image quality enhancement stage
upstream of the standard preprocessing pipeline and
expanding the training dataset. The core architecture —
DINOv2-large ViT, shallow CNN, and CXR8 domain
adaptation — is retained unchanged to enable controlled
comparison.

A. Dataset and Data Augmentation

The primary benchmark is the Kermany et al. [3] dataset
comprising 5,856 JPEG chest X-ray images: 1,583
normal cases, 1,493 viral pneumonia cases, and 2,780
bacterial pneumonia cases, collected from paediatric
patients aged one to five years at Guangzhou Women and
Children's Medical Center. The dataset was quality-
controlled by two expert physicians with a third
reviewing the evaluation set.
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To augment the training corpus, approximately 650
additional CXR images were sourced from publicly
available datasets (NIH ChestX-rayl4, Kaggle
repositories). Images were selected to include balanced
normal and pneumonia-positive cases, validated against
the same labelling criteria as the primary dataset. The
combined training set comprises approximately 5,866
images after augmentation. The original validation and
test splits from Kermany et al. [3] are preserved for fair
comparison. Standard augmentations — random resized
cropping and horizontal flipping — are applied during
training.

B. Image Quality Enhancement (Denoising)

Prior to the standard preprocessing pipeline, each raw
CXR image undergoes a Gaussian noise removal step. A
Gaussian smoothing filter with kernel size 3x3 and
sigma=1.0 is applied to suppress high-frequency noise

introduce spurious pixel-level variance into the patch
embeddings generated by the ViT, potentially degrading
feature quality.

This denoising step constitutes the primary novel
contribution of EDAVIT over the base DAVIT
architecture. It is applied consistently during both
training and inference to ensure a standardised input
quality across all conditions.

C. Preprocessing

Following denoising, images pass through the standard
DAVIT preprocessing pipeline. During training, random
resized cropping and horizontal flipping are applied for
augmentation, followed by normalisation using
ImageNet mean and standard deviation values. During
inference, images are resized to a predefined crop size,
centrally cropped, and normalised using the same
statistics. This ensures deterministic and reproducible

and acquisition-related artifacts present in clinical X-ray evaluation.
images. These artifacts, if left unaddressed, can
| Domain Adaptation & Fine-Tuning |
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D. Vision Transformer

The denoised and preprocessed image is passed to the
DINOv2-large Vision Transformer [13]. The image is
divided into fixed-size patches P € R*(pxpx*c), which are
linearly projected into patch embeddings E € RMN(Mxd).
Learnable positional encodings E pos are added
element-wise, yielding H 0 = E + E pos. H 0 is
processed through L=24 transformer encoder layers,
each comprising bidirectional multi-head self-attention
(MHSA) and a feed-forward network (FFN) with
residual connections and layer normalisation:

H, = LayerNorm(H-:1 + FFN(LayerNorm(Hr1 -+
MHSA(H; 1))

The final hidden state H L. € R*(Mxd) encodes the
global contextual representation of the chest X-ray
image.

E. Convolutional Neural Network and Classification

The ViT output H L is passed to a shallow CNN
comprising three convolutional layers with batch
normalisation and ReLU activations. The first layer uses
a 1x1 kernel to expand the channel dimension from 1024
to 2048. The second uses a 3x3 kernel with 32-group
convolutions to introduce spatial patterns. The third uses
a 1x1 kernel to reduce back to 2048. Average pooling
reduces spatial dimensions, and the resulting vector is
fed to a linear classifier. Two independent model
instances are trained for detection (Task 1) and type
classification (Task 2) respectively.
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F.Domain Adaptation

To mitigate the domain gap between ImageNet pre-
training and CXR imaging, EDAVIT inherits the DAViT
domain adaptation strategy [4]. The ViT is first adapted
on the ChestX-ray8 (CXRS8) dataset [23], which contains
108,948 frontal-view X-ray images covering diverse
pathologies  including Infiltration, Emphysema,
Atelectasis, Nodule, Effusion, Cardiomegaly, Mass,
Pneumonia, and Hernia. A binary classifier
distinguishing pathological from normal cases is trained
during adaptation, adjusting the ViT and CNN
components to the medical imaging domain before task-
specific fine-tuning.

V. EXPERIMENTAL SETUP

A. Baselines

EDAVIT is compared against twelve baseline
approaches: YOLO V8, YOLO V11, Inception V3,
ResNet-50, ResNet-152, WideResNet-101, ResNeXt-
101, ResNeXt-101+SPP, DenseNet-121, ViT-Base,
DINOv2-base, and DINOv2-large. All baselines are pre-
trained on ImageNet and fine-tuned on the same training
set. The original DAVIT [4] is also reported as a direct
comparison. Consistent training, validation, and test
splits from Kermany et al. [3] are used across all
methods.

B. Evaluation Metrics

Performance is reported using six metrics: Accuracy,
Precision, Recall (Sensitivity), Specificity, F1-Score,
and Area Under the ROC Curve (AUC). Inference time
(ms per sample) and FLOPs (GigaFLOPs per sample) are
also reported. For inference time and FLOPs, lower is
better; for all other metrics, higher is better.

C. Parameter Settings and Training

Consistent hyperparameters are used across domain
adaptation and fine-tuning: learning rate 1x107-5,
maximum gradient norm 1, 30 epochs, with best model
selected on lowest validation loss. The AdamW
optimiser [28] is used with a linear scheduler
incorporating a 10% warm-up strategy. Gaussian
denoising is implemented using OpenCV (kernel 3x3,
sigma=1.0). Training is executed on a Linux machine
with an AMD Ryzen 9 5950X CPU and two NVIDIA
RTX 3090 GPUs. FLOPs are calculated using the fvcore
library; inference time uses time.perf counter() in
Python.

VI. EXPERIMENTAL RESULTS
A. (RQ1) Pneumonia Detection

Table 1 presents pneumonia detection results for
EDAVIT and twelve baselines, evaluated on the 624-
image test set of which 390 are pneumonia-positive.
EDAVIT achieves an Fl-score of 97.31% and AUC of
96.14%, representing improvements of 0.36% and
0.58% respectively over the original DAVIT [4].
EDAVIT also achieves the best Accuracy (96.97%),
Precision (96.44%), and Specificity (93.82%) among all
methods.

The improved performance of EDAVIT over DAViT can
be attributed to the denoising preprocessing stage, which
suppresses acquisition noise before patch embedding,
producing cleaner feature representations within the ViT.
The additional training data further exposes the model to
a broader distribution of CXR imaging conditions.
Compared to CNN-based baselines, EDAViT
demonstrates the benefits of combining global
transformer-level attention with local CNN feature
refinement, consistent with the findings in [4].

TABLE 1. (RQ1) Pneumonia detection results for EDAViIT and twelve baseline methods. For inference time and FLOPs
(1) lower = better, for all other metrics (1) higher = better.

Method Acc. Prec. Recall Spec. F1 AUC Time(ms) | GFLOPs

YOLO V8 87.98 89.11 92.43 81.10 90.74 86.82 0.12 9.44
YOLO V11 78.53 81.94 83.72 69.46 82.99 76.60 0.11 6.78
Inception V3 92.80 94.51 93.99 90.72 94.24 92.38 0.55 5.73
ResNet-50 95.41 95.39 90.27 92.74 92.82 91.57 0.64 4.11
ResNet-152 92.98 91.82 97.51 85.47 94.60 91.52 0.98 11.56
WideResNet101 89.72 94.18 89.04 90.63 91.54 79.32 1.22 22.80
ResNeXt-101 94.52 93.89 97.52 89.41 95.67 93.44 1.19 16.48
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ResNeXt+SPP 93.94 95.43 9491 88.97 95.17 93.65 0.74 16.47
DenseNet-121 93.51 93.59 96.22 88.97 94.89 92.59 0.91 2.87
ViT 92.52 90.81 97.98 83.40 94.27 90.71 1.06 16.87
DINOvV2-base 95.10 94.39 97.98 90.24 96.17 94.13 0.89 27.78
DINOv2-large 95.88 94.42 99.28 90.20 96.80 94.75 1.82 98.42
DAVIT [4] 96.15 95.98 97.95 93.16 96.95 95.56 12.77 100.85
EDAYVIiT (Ours) 96.97 96.44 98.21 93.82 97.31 96.14 13.10 100.85

The additional training data, which includes bacterial-

B. (RQ2) Pneumonia Type Classification i ) ) R
predominant cases consistent with the class distribution

Table 2 presents results for pneumonia type (viral vs.
bacterial) classification evaluated on 148 viral and 242
bacterial pneumonia test images. EDAVIT achieves an
Fl-score of 82.14% and AUC of 85.19%, improving
over DAVIT by 1.19% and 1.14% respectively.
EDAVIT achieves the best overall performance among
all methods, demonstrating its ability to distinguish viral
from bacterial pneumonia patterns in CXR images.

of the primary dataset, contributes to improved recall for
bacterial pneumonia (70.27%). The denoising step also
benefits this task by enhancing the visibility of subtle
textural differences between viral interstitial infiltrates
and bacterial consolidation patterns, which are the
primary distinguishing radiological features [30],[31].

TABLE 2. (RQ2) Pneumonia type classification results for EDAViT and twelve baseline methods. For inference time
and FLOPs (|) lower = better; for all other metrics (1) higher = better.

Method Acc. Prec. Recall Spec. F1 AUC Time(ms)
YOLO V8 65.23 100.00 8.15 100.00 15.11 54.18 0.12 9.44
YOLO V11 71.67 97.46 25.72 99.64 40.78 62.75 0.11 6.78
Inception V3 63.46 100.00 6.81 100.00 12.77 53.41 0.55 5.73
ResNet-50 76.70 100.00 38.61 100.00 55.72 69.31 0.64 4.11
ResNet-152 56.51 100.00 8.82 85.62 13.36 47.23 0.98 11.56
WideResNet101 66.22 100.00 10.88 100.00 19.64 55.49 1.22 22.80
ResNeXt-101 68.01 96.02 16.29 99.62 27.82 57.97 1.19 16.48
ResNeXt+SPP 66.44 100.00 11.56 100.00  20.68 55.82 0.74 16.47
DenseNet-121 63.46 100.00 3.42 100.00 6.61 51.74 0.91 2.87
ViT 74.92 96.33 35.21 99.18 51.62 67.22 1.06 16.87
DINOV2-base 68.28 100.00 16.29 100.00  27.94 58.15 0.89 27.78
DINOv2-large 65.21 100.00 8.15 100.00 15.11 54.08 1.82 98.42
DAVIT [4] 87.69 98.08 68.92 99.17 80.95 84.05 12.77 100.85
EDAVIT (Ours) 88.94 98.34 70.27 99.33 82.14 85.19 13.10 100.85
C. (RQ3) Ablation Study consistent with findings in [4]: removing pre-training
Table 3 presents the ablation study evaluating the reduces Fl-score from 97.31% to 85.12%, a 12.19%
contribution of each EDAVIT component to pneumonia decline. The denoising stage contributes approximately
detection performance. The pre-training component 0.36% to Fl-score and 0.58% to AUC when compared
remains the single most important contributor, against the DAVIT baseline, confirming a measurable
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and consistent benefit from input quality improvement.
The CNN component contributes 1.23% to Fl-score,

all components of EDAVIT contribute approximately
21.19% over the uninitialized baseline without pre-

and domain adaptation contributes 0.49%. Collectively, training, CNN, or domain adaptation.

TABLE 3. (RQ3) Ablation study — contribution of each EDAViT component for pneumonia detection.

Method / Configuration Acc. Prec. Recall Spec. F1 AUC
EDAVIT (Ours): Pre-Train + Denoise + 96.97 96.44 98.21 93.82 97.31 96.14
CNN + DA

Pre-Train + CNN + DA (DAVIT [4]) 96.15 95.98 97.95 93.16 96.95 95.56
Pre-Train + Denoise + CNN (no DA) 96.45 95.71 97.98 92.44 96.82 95.21
Pre-Train + Denoise + DA (no CNN) 95.78 95.95 96.22 93.20 96.08 94.75
Pre-Train + Denoise (no CNN, no DA) 95.50 95.50 97.98 91.40 96.71 95.22
w/0 Pre-Training + CNN + DA 82.71 92.51 78.80 89.38 85.12 84.10
w/0 Pre-Training (baseline only) 73.31 86.38 67.99 82.10 76.12 75.08

VIL DISCUSSION clinically important property. At the patch level,

A. Visual Explanations via Grad-CAM

To provide clinically interpretable model decisions,
Grad-CAM [29] is applied to EDAVIT to generate
heatmaps highlighting regions of the CXR that most
strongly influence the prediction. For bacterial
pneumonia cases, activations concentrate in lobar
regions associated with consolidation — dense opacities
caused by fluid-filled alveoli that are typically localised
to specific lung segments [30]. For viral pneumonia
cases, activations exhibit a diffuse bilateral pattern
around the perihilar areas, consistent with the interstitial
infiltrate and ground-glass opacity pattern characteristic
of viral infection [31]. For normal cases, Grad-CAM
produces no significant activations when evaluated with
a pneumonia target label, confirming appropriate model
behaviour. These patterns are consistent with
established radiological criteria and align with the Grad-
CAM findings reported in the base DAViT paper [4].

B. Effect of Denoising Preprocessing

The Gaussian denoising stage provides consistent
modest improvements across all evaluation metrics
compared to the DAVIT baseline. The improvement is
most pronounced for Specificity (+0.66%) and AUC
(+0.58%), suggesting that noise reduction particularly
benefits the model's ability to avoid false positives — a

denoising reduces intra-patch variance unrelated to
pathological structure, allowing the ViT's self-attention
to concentrate on anatomically meaningful features.

C. Clinical Deployment Considerations

EDAVIT adds a minimal preprocessing overhead from
the Gaussian filter, which is negligible compared to the
ViT forward pass latency (~13 ms per sample). The
primary deployment challenges — high inference
latency and computational cost relative to lightweight
CNN alternatives, the need for domain-specific fine-
tuning for different hospital imaging protocols, and
regulatory compliance requirements — are shared with
the base DAVIT architecture and remain areas for future
work. Model compression via knowledge distillation
and efficient transformer architectures are promising
directions to reduce computational overhead while
maintaining accuracy.

VIII. CONCLUSION

This paper presented EDAVIT, an enhanced version of
the DAVIT framework for automated pneumonia
detection and type classification from chest X-ray
images. By introducing a Gaussian denoising stage prior
to the standard preprocessing pipeline and augmenting
the training dataset with additional publicly sourced
CXR images, EDAVIT achieves consistent
improvements over the DAVIT baseline across all
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evaluation metrics. On the standard Kermany et al.
benchmark, EDAVIT attains a 97.31% F1-score and
96.14% AUC for pneumonia detection, and an 82.14%
Fl-score and 85.19% AUC for pneumonia type
classification, outperforming all twelve baseline
methods compared. The ablation study confirms the
contribution of each component — pre-training,
denoising, CNN, and domain adaptation — and Grad-
CAM visualisations provide clinically interpretable
activation maps consistent with known radiological
characteristics of bacterial and viral pneumonia.
EDAVIT demonstrates that targeted input quality
enhancement, even without architectural changes, can
yield measurable performance gains in transformer-
based medical image classification.
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