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Abstract

COVID-19 still poses a global public health challenge, exerting pressure on radiology services. Chest
X-ray (CXR) imaging is widely used for respiratory assessment due to its accessibility and cost
effectiveness. However its interpretation is often challenging because of subtle radiographic features
and inter-observer variability. Although recent deep learning (DL) approaches have shown strong
performance in automated CXR classification, their black-box nature limits interpretability. This
study proposes an explainable deep learning framework for COVID-19 detection from chest X-ray
images. The framework incorporates anatomically guided preprocessing, including lung-region
isolation, contrast-limited adaptive histogram equalization (CLAHE), bone suppression, and feature
enhancement. A novel four-channel input representation was constructed by combining lung-
isolated soft-tissue images with frequency-domain opacity maps, vessel enhancement maps, and
texture-based features. Classification was performed using a modified Xception-based convolutional
neural network, while Gradient-weighted Class Activation Mapping (Grad-CAM) was employed to
provide visual explanations and enhance interpretability. The framework was evaluated on the
publicly available COVID-19 Radiography Database, achieving an accuracy of 95.3%, an AUC of
0.983, and a Matthews Correlation Coefficient of approximately 0.83. Threshold optimisation
improved sensitivity, reducing missed COVID-19 cases while maintaining high overall performance.
Explainability analysis showed that model attention was primarily focused on clinically relevant lung
regions.

Keywords: COVID-19; chest X-ray; explainable artificial intelligence; deep learning; Grad-CAM,;
medical image analysis

1. Introduction

Modern medical imaging has become a crucial component of modern medicine for diagnosing,
treating, and detecting various diseases. Medical imaging technologies continue to evolve with
advances in artificial intelligence (AI) and deep learning technologies, which have changed
dramatically the way we create and produce medical imaging technologies. The World Health
Organisation reported that over 3.6 billion diagnostic imaging procedures were conducted annually
in global healthcare facilities and highlighted the importance diagnostic imaging on modern
healthcare services and the importance it plays in assisting with the detection and management of
conditions like cancer, cardiovascular disease, and neurological disorders. X-ray, MRI, CT and
ultrasound are some of the technologies being used for this purpose. The high demand for diagnostic
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imaging coupled with the shortage of consultant radiologists is placing substantial strain on health
care services around the world to meet the growing need for imaging [1-3].

With deep learning tools and systems currently being used to assist with this need, Deep
Learning technologies are becoming a significant asset for the healthcare industry. Convolutional
Neural Networks (CNNs) are proven to classify and segment images with exceptional accuracy [4-
6]. These models can identify subtle patterns in images that would otherwise be undetectable by
humans, providing clinicians with vast increases in their ability to make better treatment decisions.
For example, dermatology is finding great promise in utilising Convolutional Neural Networks to
aid the classification of skin lesions with an equivalent level of accuracy to Board Certified
Dermatologists [7]. Al systems can match or exceed the performance of human radiologists in
detecting pneumonia in patients based on chest X-rays [8].

Despite the progress, the clinical adoption of deep learning technologies is lagging demands,
primarily due to the 'opaque’ nature of the deep learning model(s). Due to the inability of healthcare
professionals to easily understand the inner workings of these models, they are often referred to as
‘Black Box' systems. However, their “black-box” nature is a barrier, since predictions are frequently
not transparent or easily interpretable [9-11]. This lack of transparency undermines clinician
confidence and gives rise to ethical and regulatory concerns. The inability to understand or explain
the predictions observed with these systems created a distrust of Artificial Intelligence models by
healthcare professionals that raises a host of ethical and legal questions as well as creating barriers to
regulatory approval of these systems [12]. A recent survey of healthcare leaders reported that more
than 60% of respondents indicated that the absence of 'explainability' is the primary barrier to the use
of Al in hospitals [13].

To address these issues, Explainable Artificial Intelligence (XAI) has emerged, attempting to
provide techniques such as saliency maps, feature detection, and concept-based models to produce
interpretable outputs [14,15]. XAl aims to overcome the lack of interpretability by providing methods
that make AI model predictions transparent, understandable, and clinically meaningful [16].
Techniques concluded SHAP (Shapley Additive Explanations) values, Concept Bottleneck Models,
are attempting to make the connection between insight from an algorithm and the interpretation of
how the Al concluded it's making, but many of these techniques are still untested and have not yet
made it into the clinical workflow [17,18].

Many of these techniques remain to be evaluated in the clinical workflow, creating the need for
the current study on explainable deep learning models applied to medical imaging. This study aims
to develop and evaluate explainable deep learning models that enhance transparency, usability, and
trust in Medical Imaging Analysis. This research aims to develop and evaluate an explainable deep
learning framework for thoracic medical image analysis, integrating multi-channel feature
preprocessing extraction to improve diagnostic accuracy and interpretability, guided by
preprocessing and explainable artificial intelligence techniques.

Recent research has sought to include explainable Al into medical image analysis and chest
radiograph interpretation. Multi-channel chest radiograph pipelines have been explored previously,
for example, by constructing channels such as LBP, CLAHE, and contrast/edge-enhanced maps and
learning from them using deep neural networks [19]. Reviews of deep learning for chest X-ray
analysis highlighted the importance of preprocessing, enhancement, and segmentation or masking
choices for model performance and reliability [20,21]. While related feature-fusion strategies exist, an
identical combination of these anatomically and diagnostically motivated channels was not identified
in the reviewed literature.

Beyond input representation, prior studies in explainable AI for medical imaging have
highlighted that saliency maps alone are often insufficient for reliable interpretation, particularly for
non-technical stakeholders [22,23]. Grad-CAM is an established explainability technique, however it
is typically presented solely as a visual artefact, leaving interpretation to expert users [24,25]. While
prior studies have explored either quantitative evaluation of saliency maps or textual explanation of
model outputs, a structured rule-based translation of spatial attention metrics into clinician-oriented
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natural-language explanations has not been widely reported in the literature. The major contributions

of this research are as follows:

* A novel four-channel input representation for thoracic chest X-ray analysis was proposed,
integrating lung-region masking, frequency-domain enhancement, vesselness filtering, and
texture-based features. While individual preprocessing and feature-enhancement techniques have
been explored in prior chest radiograph studies, an identical combination of these anatomically
and diagnostically motivated channels has not been identified in the reviewed literature. This
novel four-channel combination provides complementary information beyond a single intensity
channel, supporting improved sensitivity and anatomically aligned model attention when
combined with explainable Al techniques.

* A structured, explainable deep learning framework was developed for thoracic medical image
analysis, integrating the proposed multi-channel input representation with a modified deep
convolutional neural network architecture. The framework was designed to balance diagnostic
performance and interpretability, addressing the limitations of conventional single-channel
pipelines and black-box deep learning models commonly reported in medical imaging literature.

* A novel approach to interpreting and communicating model attention was introduced by
combining quantitative spatial attention analysis with rule-based natural-language explanations.
Rather than presenting saliency maps solely as visual artefacts, this study quantified the
distribution of model attention inside and outside lung regions and translated these
measurements into concise, human-readable explanations. This structured explanation strategy
improved the accessibility and interpretability of explainable AI outputs for non-technical users,
including clinicians.

* The proposed framework enhanced clinical relevance and trustworthiness of Al-assisted
diagnosis, by ensuring that model attention was anatomically meaningful and aligned with lung
regions of interest. This design supported transparent decision-making and addressed key ethical,
regulatory, and usability concerns associated with the deployment of deep learning models in
real-world clinical settings.

¢ The study provided practical insights into the integration of explainable AI within medical
imaging workflows, demonstrating how anatomically guided preprocessing, multi-channel
learning, and explainability mechanisms can be combined into a cohesive and computationally
feasible diagnostic system.

2. Literature Review

In recent years, deep learning has transformed the way medical images could be interpreted by
allowing for an expert level of performance in the areas of segmentation and classification. Deep
learning provides healthcare systems with the ability to automate and extract important diagnostic
features from imaging datasets that improves both efficiency and quality of care [4,5]. Notably, deep
learning has demonstrated diagnostic accuracy equivalent to that of human physicians working in
radiology, ophthalmology, cardiology, and pathology [26,27].

2.1. Deep Learning for Chest X-Ray Classification

Classification of X-ray chest imaging is critical in diagnosing patients who may be experiencing
respiratory failure at an early stage [20]. Several studies have found that convolutional neural
networks (CNNs) have been particularly effective at analysing chest X-ray images because they can
automatically learn feature representations directly from pixel data [4]. As the use of deep learning
becomes increasingly accepted, knowledge and understanding of how deep learning can create
results have become an issue [9,10,15].

In a study the researchers introduced CheXNet,a deep neural network with 121 layers, that was
trained with the NIH ChestX-ray14 dataset to predict pneumonia [8]. However, CheXNet focused
primarily on classification accuracy and did not provide mechanisms for uncertainty handling or
localisation of pathological regions. Similarly, the CheXpert dataset and associated models
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introduced uncertainty-aware learning but did not explicitly address whether model attention
aligned with clinically meaningful lung regions [28]. Other studies have explored alternative
architecture and transfer learning strategies, demonstrating improved sensitivity and specificity in
thoracic disease classification [29]. While these approaches improved performance, most did not
assess whether increased accuracy translated into clinically interpretable model behaviour.

Research focused on COVID-19 diagnosis further demonstrated high reported accuracy using
deep learning models such as COVID-Net and pre-trained CNNs, including ResNet50 and
InceptionV3 [30,31]. However, concerns regarding dataset heterogeneity, overfitting, and shortcut
learning limited confidence in clinical reliability [32,33]. Studies incorporating lung segmentation
before classification demonstrated that constraining model input to anatomically meaningful regions
improved diagnostic performance and reliability of visual explanations [34]. Conversely, Grad-CAM-
based explanations often revealed attention outside pathological regions, highlighting the limitations
of explainability when applied without appropriate preprocessing [14,22,23].

Overall, despite Deep learning models providing good diagnostic performance in chest X-ray
classification, some challenges remain. Many of the published accuracy results for these deep learning
models are from either small or unbalanced datasets, which present an increased likelihood of
overfitting and poor clinical generalisability. Additionally, most deep learning models utilise
unaltered, raw images for diagnosing patients without removing or addressing the influence of other
anatomical structures in the same imaging area, which therefore limits the reliability of their
predictions. Although explainability methods such as Grad-CAM are applied, highlighted regions
frequently lack alignment with radiological findings. These limitations emphasise the need for
research combining region-focused preprocessing, such as lung segmentation and bone suppression,
with explainable deep learning methods to ensure predictions are accurate and clinically
interpretable.

2.2. Explainable Artificial Intelligence in Medical Imaging

Despite strong diagnostic performance, the black-box nature of deep learning systems remains
a major barrier to clinical adoption [9,11]. Explainable Artificial Intelligence (XAI) aims to address
this limitation by offering explanations about how models generate predictions. It is therefore an
essential element for both clinical decision support and regulatory approval for use within a
healthcare environment [16]. Saliency-based methods such as Grad-CAM, Grad-CAM++, LIME, and
SHAP are widely used to create visualisations of the areas of an image with the greatest impact on
model prediction [14,35-37]. However, studies have revealed that areas that receive attention through
these techniques do not consistently correspond to observable signs of disease on diagnostic imaging
and may differ depending on the architecture and preprocessing strategy applied [22,23].

Concep and prototype-based, textual explanation approaches aim to link model predictions to
clinical reasoning by matching the output of the model to rational explanations for decisions made
[38-40]. These methods often require extensive human annotation, large multimodal datasets or
creation of explanations that may not always be clinically valid [41]. Hybrid approaches that integrate
several different methods of explainability have been presented to enhance robustness and enhance
clinician trust. However, many of the same challenges associated with evaluating the consistency of
the multiple methods, integrating them into the workflow, and establishing clinician trust persist
[25,41].

The literature demonstrates progress in interpretability methods but highlights weaknesses
limiting clinical applicability. Saliency-based methods may produce unstable heatmaps that do not
reflect diagnostic reasoning [23]. Concept- and prototype-based methods require large, annotated
datasets or fail to generalise. Textual explanation systems align with clinical language but are
constrained by limited multimodal datasets and risk producing clinically irrelevant text [41].

Most XAl research remains retrospective, with limited validation in real clinical workflows. As
noted in prior work, interpretability must be evaluated in collaboration with human experts to ensure
that explanations are clinically meaningful and trustworthy [21]. The lack of standardised evaluation
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frameworks limits comparison and adoption. Overall, despite progress, existing approaches remain
fragmented and inconsistently evaluated. These gaps motivate research that develops and evaluates
explainability methods in terms of usability, reliability, and clinician trust. This article therefore
positions explainable deep learning as a roadmap for transparent Al systems suitable for integration
into health care practice.

2.3. Addressing Gaps and Advancing Knowledge

This research project addresses gaps in the current literature on deep learning applied to medical
imaging. While convolutional neural networks (CNNs) have demonstrated strong performance
across diagnostic problems, studies often note difficulties arising from limited dataset diversity, class
imbalance, and lack of interpretability for clinical decision-making [34,42]. These problems become
evident particularly in the classification of chest X-ray, where overlapping anatomical structures
mask disease-relevant features, leading to a lack of visual clarity. This has had an impact on
performance on thoracic diagnoses, leading to a lack of confidence in deployment in real-world
healthcare situations [43].

The present research aims to address these shortcomings by incorporating a feature-focused
preprocessing pipeline, including lung segmentation, bone suppression, and contrast enhancement,
to improve clarity of diagnostically relevant regions. This is in line with recent work, which
emphasises the importance that CNN attention is steered towards meaningful anatomical features
instead of background patterns [34,44]. In addition, the project utilises explainable Al methods such
as Grad-CAM, which provide insight regarding areas that contribute to classification outcomes, thus
improving transparency and clinical trust [14,45].

3. Proposed Methodology

This study introduces an explainable deep learning framework that integrates lung-focused
preprocessing, multi-channel feature construction, and visual explanation techniques to address
interpretability and reliability challenges in automated chest X-ray classification. The proposed
method comprises systematic pulmonary region isolation, feature-specific image enhancement, and
robust feature extraction using a modified Xception-based convolutional neural network, followed
by interpretable predictions generated with Grad-CAM. Each component is designed to improve
diagnostic performance while simultaneously ensuring anatomical relevance, clinical
interpretability, and transparency. The proposed methodology is illustrated in Figure 1, with each
phase of the solution formulation described in the following sections.

Business Understanding Model Training

« Research Objectives « Deep CNN Model
« Clinical Motivation  Multi-Channel Input
« Explainability Requirements

Data Collection ‘ Evaluation & Explainability

« Chest X-Ray Datasets
* Lung Segmentation Masks
« Lung Region Coverage
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« Preprocessing & Enhancement - Deployment / Prototype
~ Lu ing « User Interface
— Contrast & Filtering 3 « Image Predictions
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o Performance Metrics
* Grad-CAM Analysis

f

Figure 1. Workflow Diagram of the Proposed Explainable DL Framework.
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This research is based on secondary data and utilises publicly available radiographic datasets.
The data set provided annotated images suitable for this study [4]. The primary dataset selected for
this study is the COVID-19 Radiography Database, a publicly available benchmark dataset compiled
from publicly available clinical repositories [46]. The dataset contains 21,165 chest X-ray images taken
from a posterior-anterior (PA) projection classified into four diagnostic categories: COVID-19,
Normal, Lung Opacity, and Viral Pneumonia [46]. An important element in determining dataset
appropriateness is the presence of segmented lung masks, made for each image, so that lung areas
can be isolated and samples pre-processed consistently. This aspect of lung segmentation masks is
crucial to explainable deep learning, whereby a model is limited to areas of anatomic significance that
provide clinical insights. The details of these operations are included in the methodology section. A
summary of COVID-19 radiography database dataset composition used in this study is provided in
Table 1 and illustrated in Figure 2.

Table 1. Summary of COVID-19 radiography database dataset composition used in this study.

Diagnostic Class Number of Images Description

COVID-19 3,616 Confirmed COVID-19 radiographs sourced from curated

public repositories.
Normal 10,192 Chest radiographs with clear lung fields and no
radiographic abnormalities.
Lung Opacity 6,012 Images showing non-COVID pulmonary opacities caused
by various conditions.
Viral Pneumonia 1,345 Radiographs depicting viral pneumonia distinct from

COVID-19.
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Figure 2. Distribution of the COVID-19 Radiography Database.

Rahman et al. established the COVID-19 Radiography Database to create an accessible database
of COVID-related images for classification research [45]. Initial versions combined images from open-
access datasets to reduce background noise, standardise metadata, and simplify analysis. A
distinguishing feature is the inclusion of lung masks for every image, which enables the isolation of
the lung region during preprocessing. This capability improves the reliability of preprocessing steps
such as lung cropping, contrast enhancement, and XAl-based localisation. Studies suggest that a
more tightly curated dataset with standardised PA-view images and corresponding lung masks
supports more reliable preprocessing and region-of-interest extraction [45]. The dataset does not
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contain patient metadata, such as age, sex, or clinical history, but it includes consistent diagnostic
labels and image quality, which supports reproducibility for deep learning research. Examples of
chest x-ray class with corresponding lung mask in the dataset and their corresponding masks are
shown in Figure 3.

Figure 3. Examples of Chest X-ray images (top row) and their corresponding masked lung shapes (bottom images)

for different clinical categories: (a) Normal, (b) Lung Opacity, (c) Pneumonia, and (d) COVID-19.

Normal chest radiographs show clear lung fields with normal vascular markings. Lung Opacity
and Viral Pneumonia cases display abnormal density patterns, including localised or diffuse
opacification. Bilateral ground-glass opacities and haziness are often present in most cases of COVID-
19; however, early-stage infection may not present with clearly visible radiographic abnormalities
[47]. Therefore, the preprocessing of images and the use of XAI techniques will be necessary for the
developed methods to yield clinically useful results. lung-region masks obtained directly from the
COVID-19 Radiography Database were used to isolate pulmonary regions during preprocessing.
These masks were generated by the dataset authors using deep learning-based lung segmentation
models trained on curated chest X-ray data and are provided as paired annotations for each image
[45]. Although not manually delineated by medical practitioners, the masks exhibit consistent and
anatomically plausible lung localisation and have been widely used in prior chest X-ray analysis
studies [34,44].

3.1. Image Preprocessing and Normalisation

Image processing is a crucial stage in medical imaging analysis, where data quality significantly
impacts the performance and reliability of deep learning models. The preprocessing pipeline in this
study was directed towards enhancing the visibility of clinically useful lung structures by reducing
noise and undesirable features within the image. This process consisted of lung segmentation and
suppression of surrounding bony structures, enhancement of contrast, normalisation of the data, and
data augmentation. Figure 4 shows a visual representation of the preprocessing workflow
implemented in this research.
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Figure 4. A visual representation of the preprocessing workflow implemented in this re-search.

3.1.1. Pulmonary Region of Interest (ROI) Extraction

Pulmonary region of interest (ROI) extraction was applied to isolate lung fields and enhance
clinically relevant soft-tissue information while suppressing non-diagnostic structures. Lung
segmentation was first used to restrict analysis to pulmonary regions, reducing the influence of
surrounding anatomy and imaging artefacts [34,44]. Bone suppression was then applied to minimise
the visual dominance of ribs and the spine, improving visibility of underlying lung pathology [43].
Finally, Contrast Limited Adaptive Histogram Equalisation (CLAHE) was used to increase local
contrast, highlighting small patterns that can be seen in chest radiographs, such as ground-glass
opacities or Consolidation [45,46].

L. Lung Region Isolation

A key limitation observed in previous deep-learning studies for chest X-ray classification is the
model’s over-reliance on non-lung artefacts. Several studies have shown that classifiers used
irrelevant cues like laterality markers, collars, and scanner-specific background noise, leading to
inflated accuracy and limited clinical value [32,33]. To mitigate this issue, some researchers have
employed automatic lung segmentation networks to constrain model attention to pulmonary regions
[34,44]. However, such approaches may introduce additional uncertainty and segmentation-induced
errors. In contrast, the availability of ground-truth lung masks within the COVID-19 Radiography
Database enables precise pulmonary isolation without reliance on automated segmentation methods
[43]. Consequently, this study adopted anatomically guided masking to explicitly remove non-
pulmonary structures, following prior findings that lung-field extraction improves robustness and
supports the reliability of explainable techniques such as Grad-CAM [14,30,34]. By reducing shortcut
learning and constraining model attention to clinically meaningful regions, this approach enhanced
interpretability and strengthens the validity of explanation-based performance assessment. A
comparison between dataset-provided lung segmentation masks and algorithmically generated lung
segmentation, visualised as overlays on the original chest X-ray image is provided in Figure 5.
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Figure 5. Comparison between dataset-provided lung segmentation masks and algorithmically generated lung

segmentation, visualised as overlays on the original chest X-ray image.

As shown in Figure 5, the algorithmically generated lung masks occasionally over-segment into
non-lung regions, particularly around the chest wall and shoulder areas. This variability can lead to
inconsistent region-of-interest extraction, which can affect the model’s performance. In contrast, the
dataset-provided paired lung masks offer more stable and reliable lung localisation across samples
with smoother edges, making them more suitable for ROI preprocessing and model training in this
study.

The safe_lung_mask function follows a structured three-stage process consisting of intensity-
based segmentation, geometric filtering, and anatomical validation.

i Segmentation Phase: Otsu’s Thresholding

The otsu_lung_mask_simple step determines an optimal threshold ¢t that separates darker lung
regions from brighter surrounding anatomy by maximising the between-class variance. The optimal
threshold is obtained by solving:

t* = arg max_t o_b?(t) 1)
where o_b?(t) denotes the between-class variance associated with a candidate threshold t.
ii. Formula for Between-Class Variance:
05 (t) = wo(®)w;(®)[1(t) — 1 (O] @)

where:
wo(t), wy(t)are the probabilities of the background and foreground classes, respectively
Uo (1), 1y (t) are the mean intensities of the two classes.
iii. Binary Mask Result:
LifI(x,y) <t
0, otherwise

M@ )= ®)

where I(x, y)denotes the image intensity at pixel location (x’Y).
iv. Geometric Phase: Connected Components
The binary mask was treated as a set of connected components C;. Each component’s area is
computed as:
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A= ) M@y )
(xy)ec;
where M(x,y) = 1 for foreground pixels and 0 otherwise.
V. Assuming the lungs correspond to the two largest contiguous dark regions, the mask was
filtered by retaining the two largest components:
Mittered = U{Cl | rank (Al) € {1,2}} ®)
vi. Formula for Component Area:
A = Z(x,y) € Gl (6)
vii. Validation Phase: Area Fraction Heuristic

To ensure anatomical plausibility, the fraction of the image occupied by the detected Iung region

was computed:
w

1237:1 Mﬁltered (X, y)

A
Area Fraction = HXW @)
where H and W denote the image height and width.
viii. Decision Rule
Mo = Mgitereas 1 0.05 < Area Fraction < 0.80 8
final == { 1ysw otherwise (fallback) ®)

This constraint ensures that only anatomically reasonable lung masks are accepted. Although
algorithmically generated Iung masks were not adopted for ROI preprocessing, they were still used
during Grad-CAM analysis to constrain percentage activation measurements to the pulmonary
region, ensuring that saliency measurements reflected model attention within the lung fields while
avoiding the introduction of segmentation-related noise into the training pipeline.

II. Soft-Tissue Enhancement: CLAHE and Bone Suppression

Soft-tissue visibility is fundamental for detecting diffuse opacities associated with COVID-19
pneumonia. Contrast Limited Adaptive Histogram Equalisation (CLAHE) is widely used in
radiographic image enhancement, and multiple COVID-19 studies have demonstrated that moderate
local contrast enhancement improves convolutional neural network sensitivity without distorting
anatomical structures or excessively amplifying noise [48,49].

Bones such as the ribs and clavicles can obscure subtle parenchymal changes; bone suppression
techniques have therefore been explored to reduce this effect. Early work showed that suppressing
rib shadows improves diagnostic accuracy, while more recent studies have confirmed that soft-tissue
emphasis benefits the detection of COVID-19-related lesions [43].

Theory: CLAHE applies Histogram Equalisation to small image tiles, and limits contrast
amplification using a clipping threshold (clipLimit=3.0).

Formula (General Histogram Equalisation): The transformation function T(r) maps the input
intensity r to the output intensity s: The general histogram equalisation transformation is defined as:

s=T) =@=1) p () ©)
=0

where:
e p,(j)is the normalised histogram
e L = 256 is the number of grayscale levels

CLAHE applies this transformation locally to image tiles with contrast clipping (clipLimit = 3.0).

where pr(j) is the normalised histogram of the image (or tile), and L is the number of intensity
levels (256).

Bone suppression uses lightweight approximation to enhance fine details and reduce high-
contrast bony structures.

Theory: The image was decomposed into a base (low-frequency structures) and a detail
component (high-frequency texture). Reducing the detail component suppresses bone structures. A
bilateral filter was used as it preserves edges better than Gaussian filtering.

Filter Used (Bilateral Filter): The output intensity Ir at pixel x is: Bilateral Filter
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1
oGO =72 > 1) fUlx = § D) g1 1) = 1) ) (10)

fen
where:
W, is a normalisation factor
f(-)is the spatial Gaussian kernel (controlled by dpace)
g()is the range Gaussian kernel (controlled by oo
Approximation Formula in Code:

Base = BilateralFilter(Img) 1
Detail = Img — Base (12)
Output = Base + (0.18 Detail) (13)

This study, therefore, combined CLAHE with bilateral-filter-based bone suppression to enhance
soft-tissue visibility while reducing structural noise, improving interpretability and discriminative
ability with lower computational cost than learning-based suppression models. Figure 6 represents
raw chest X-ray images compared with pulmonary region of interest (ROI) representations following
lung segmentation, bone suppression, and contrast enhancement. Typical raw chest X-ray images VS
pulmonary region of interest (ROI) representations are shown in Figure 6.

£
‘ ' |
/‘ .)l ‘

Raw Chest X-ray Preprocessed representations

Figure 6. Raw chest X-ray images VS pulmonary region of interest (ROI) representations.

3.1.2. Multi-Channel Feature Construction

Following core preprocessing, a multi-channel representation is constructed to provide
complementary views of the same lung region. Rather than relying on a single greyscale image, this
approach encodes multiple radiologically meaningful characteristics into separate channels,
supporting richer and more anatomically aligned feature learning [19,20]. The lung-masked region
of interest (ROI) forms the base channel, ensuring that all derived representations focus exclusively
on clinically relevant pulmonary tissue. Frequency-based representations are included to emphasise
diffuse opacity patterns commonly associated with infectious lung disease [50]. A vessel-enhanced
channel highlights pulmonary vascular and airway-related structures linked to inflammatory
changes [51-53]. Finally, a texture-based channel captures local lung texture variations that support
differentiation between normal and pathological radiographic patterns [54].

L Mid-frequency opacity mapping (Fourier band-pass filtering)

Mid-frequency textures associated with ground-glass opacities have been identified using
radiomics-based texture analysis techniques [50]. Band-pass filtering improves visualisation by
suppressing low-frequency illumination variations and high-frequency noise, thereby enhancing
diagnostically relevant structural patterns. Prior medical imaging studies supported the diagnostic
value of frequency-based feature decomposition for disease characterisation.

Theory: The 2D Discrete Fourier Transform (DFT) converts images to the frequency domain. A
band-pass filter preserves frequencies within a radial range (r1, r2).

Formulas:
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a) 2DDFT:
M-1N-1
_ i (LYY
F(u,v) = Z)Z)f(x,y)exp[ ]Zn(M + N)] 14
x=0 y=
b) Distance to Center:
d(i;j) = \/(l - Crow)2 + (- Ccol)2 (15)

c) Filter Mask (Ideal Band-Pass):
1, n<d@,j)< n
Mask(i,j) = { (16)
0, otherwise
d) Filtered Transform:

Ffiltered(i'j) = Fshifted(iﬁj) ' MaSk(i'j) 17)
e) Inverse DFT:
Output(x,y) = |F~{Funsniseea (i)} (18)
II. Vessel enhancement using the Frangi filter

The Frangi Vesselness filter enhances tubular structures by emphasising vascular morphology
and suppressing background noise [51]. COVID-19 chest imaging studies have reported vascular
thickening and dilation associated with inflammatory and thrombotic processes [52]. Prior
pulmonary imaging research has demonstrated that vessel-enhanced representations can improve
diagnostic sensitivity for pulmonary disease patterns [53].

Theory: The Frangi filter analyses the Hessian matrix and its eigenvalues to identify line-like
structures across multiple scales. The eigenvalues (A1, A2) of the Hessian indicate the directions and
magnitudes of maximum and minimum curvature.

Hessian Matrix:

[0%1(x,y) 0%1(x,¥)]
I™ 02 )
B2 y) 01|
dyox dy? ]
The maximum vesselness response across scales (1-8) is retained.

(19)

IIL. Texture encoding using Local Binary Patterns (LBP)

LBP are established texture descriptor for capturing local intensity variations and micro-texture
information in images [54]. Prior chest X-ray studies have demonstrated that LBP features
complement convolutional neural network representations by capturing fine-grained texture
variations present in COVID-19 radiographs [19,55].

Theory: LBP compares a centre pixel with neighbouring pixels to generate a binary code.

LBP Formula (General):
P-1
LBPp (X0 ye) = Zs(ip i)2P (20)
p=0
where:

ic is the gray value of the center pixel (xc, yc).
ip is the gray value of the p-th neighbor.
P is the number of neighbors (P=8).
R is the radius of the circle (R=1).
lifx =20
Oifx <0

Collectively, these channels augment the soft-tissue ROI to form a 4-channel tensor (ROI,
Frequency, Vessel, LBP). This approach advances beyond single-channel studies and aligns with
hybrid feature-learning strategies [19,55]. Figure 7 represents Four-channel lung-focused feature
representations.

s(x) is the step function: s(x) = {
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ROI (soft tissue) Frequency Vessel LBP texture

Figure 7. Four-channel lung-focused feature representations prepared for model input.

3.2. Normalisation, Class Balancing, and Augmentation

Minimum-maximum scaling was applied to preserve relative tissue intensity while ensuring
numerical stability during training. Class imbalance was addressed using a controlled over-sampling
strategy to balance COVID-positive and non-COVID samples. Conservative data augmentation
techniques, including horizontal flipping and small rotations, were applied to simulate acquisition
variability while preserving radiological realism.

3.3. Model Architecture

The modelling phase involved constructing a deep convolutional neural network based on the
Xception architecture. Xception was selected due to its effectiveness in medical imaging tasks
requiring fine-grained feature extraction and its use of depth wise separable convolutions. The
architecture was modified to accept four-channel input tensors corresponding to the proposed multi-
channel representation. The first convolutional layer was adapted accordingly, and the classification
head was replaced with a fully connected layer producing a single output logit for binary
classification. Transfer learning was employed, and optimisation strategies were selected to ensure
stable convergence and robustness to class imbalance. Conceptual architecture of the proposed 4-
channel xception-based model for this study is provided in Figure 8.

Raw X-Rays

Xception Model

Conv 32, 3x3 FC 512 units

B |

BatchNorm

SeparableConv 64, 128
Preprocessed X-Rays 2 1 2 T FC 512 units
""""""""""" tchNorm
ﬂ h Soft-tissue ROI -
/ \ Mid-frequency
Opacity Map -

/'3 (™ Vessel

BatchNorm

SeparableConv 128, 256

I e BatchNorm L
SeparableConv 128, 256 FC 512 units
BE BatchNorm

SeparableConv 256, 7287
MaxPool / Conv stride 2, 3x2

: \| Enhancement Map

ﬂ }L\ LBP Texture Map -

Classification

FC 512 units
BatchNorm

] SeparableConv 728 ~ e--------
: - [ sigmoid _|
E SeparableConv 1336
I _____ Global Average Pooling |
£ 5 Binary Cross Entropy (BCE)
FC 512 units > W covID
BatchNorm B Non-COVID

Figure 8. Conceptual Architecture of the Proposed 4-Channel Xception-Based Model for this Study.
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3.4. Explainability Integration

Explainability was incorporated as a core component of the proposed framework rather than as
a post hoc addition. Gradient-weighted Class Activation Mapping (Grad-CAM) was used to generate
localisation heatmaps highlighting image regions contributing to model predictions.

The explainability framework is strengthened through lung-field masking, ensuring that
activation patterns reflect clinically meaningful pulmonary regions using lung-region coverage
analysis. Both qualitative inspection and quantitative lung-region coverage analysis were used to
assess the anatomical relevance of model attention, supporting transparent and clinically grounded
interpretation.

3.5. Quantitative Classification Performance

Explainability is a critical requirement in medical Al systems, particularly in radiology, where
model predictions must be grounded in clinically meaningful image regions. In this study,
explainability was implemented using Gradient-weighted Class Activation Mapping (Grad-CAM),
which produced spatial heatmaps indicating image regions that contribute most strongly to the
model’s prediction by backpropagating gradients from the final convolutional layer. While visual
inspection of Grad-CAM heatmaps provides intuitive insight, visual explanations alone are
subjective and insufficient for rigorous evaluation. To address this limitation, this study incorporated
a quantitative explainability assessment based on lung-region coverage and CAM energy
distribution, enabling objective measurement of anatomical relevance.

Two complementary quantitative measurements are used:

(a) CAM Energy

CAM energy represents the total activation strength of the Grad-CAM heatmap and is computed
as the sum of all pixel intensities in the heatmap:

Foan = ) H(xY) @1
xy

where H(x,y)is the Grad-CAM activation value at pixel location (x’y).

This value reflects how strongly the model attends to image regions overall for a given
prediction.

(b) Lung-Region CAM Energy Coverage
To assess anatomical relevance, CAM energy is separated into contributions inside and outside the
lung region using a binary lung mask M(x,y):

Buung = ) H(%9) - M(x,5) (22)
xy
Etotal = z Xy H(x' Y) (23)
The lung-region coverage ratio is then defined as:
Elung

Lung Coverage (%) = E X 100 (24)

total
This metric quantifies the proportion of model attention focused within anatomically valid

pulmonary regions.

4. Experimental Results and Analysis
4.1. Implementation Setup

This section presents the experimental evaluation results for the proposed explainable deep
learning framework for Covid binary classification. The dataset was divided into training, validation,
and test sets using stratified sampling to preserve class proportions. A 70%-15%-15% split was
adopted, which is widely used in medical Al to provide a reliable assessment of model generalisation
when evaluating heterogeneous clinical data. Model performance is assessed using standard
classification metrics and threshold analysis, including accuracy, precision, recall (sensitivity), F1
score, Matthews Correlation Coefficient (MCC), and area under the receiver operating characteristic
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curve (AUC), while explainability was evaluated through qualitative visualisation and quantitative
lung-region attention analysis. The objective was to demonstrate diagnostic performance, robustness,
and clinically meaningful interpretability.

4.2. Model Training Configuration

The model was trained for 20 epochs using a balanced training dataset, with performance
monitored on the validation set. Training incorporated Automatic Mixed Precision (AMP), gradient
clipping (threshold = 5.0), cosine annealing learning rate scheduling with warm-up, and Early
Stopping was based on the validation Matthews Correlation Coefficient (MCC) rather than the F1
score, because MCC provides a more reliable performance indicator under class imbalance conditions
[56]. The model was compiled using the Focal Loss function, selected over binary cross-entropy due
to robustness to class imbalance and ability to down-weight easy negatives. Optimisation was
performed using AdamW, shown to improve convergence stability in medical imaging networks.
Training metrics included loss, accuracy, precision, recall, and F1 score. The training history
demonstrated stable convergence, with training and validation losses decreasing in parallel,
indicating appropriate model capacity and optimisation strategy.

4.3. Quantitative Classification Performance

The results are summarised in Table 2 and the confusion matrix shown in Figure 9. Initial
evaluation was conducted using a default probability threshold of 0.50. At this threshold, the model
achieved an accuracy of 95.3%, precision of 88.2%, recall of 83.8%, F1 score of 85.9%, MCC of 0.83,
and an AUC of 0.983. The confusion matrix indicated that 2,572 non-COVID images were correctly
classified, while 454 COVID-positive cases were correctly identified, with 88 false negatives and 61
false positives observed at this operating point.

Confusion Matrix (Threshold = 0.50)

- 2500
©
61 - 2000
:
4
- 1500
w
2
- 1000
=]
g - 88 454
© - 500
1 1
Normal coviD
Predicted

Figure 9. Confusion matrix at default threshold (0.50).

While the default threshold yielded strong overall performance, medical diagnosis often
requires prioritising sensitivity. False negative predictions, corresponding to missed COVID-19 cases,
pose a greater clinical risk than false positive classifications, particularly in screening-oriented
applications. The model was therefore evaluated across probability thresholds ranging from 0.05 to
0.95 to identify an operating point that better balances sensitivity and specificity.
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Table 2. Model Evaluation Metrics at different thresholds.

Threshold Accuracy Precision Recall F1 McCC
0.05 0.70 0.37 0.99 0.53 0.48
0.10 0.82 0.49 0.99 0.65 0.61
0.15 0.88 0.58 0.98 0.73 0.69
0.20 091 0.67 0.97 0.80 0.76
0.25 0.93 0.71 0.95 0.81 0.78
0.30 0.94 0.76 0.93 0.84 0.81
0.35 0.95 0.81 091 0.86 0.83
0.40 0.95 0.83 0.89 0.86 0.83
0.45 0.95 0.85 0.87 0.86 0.83
0.50 0.95 0.88 0.84 0.86 0.83
0.55 0.95 0.90 0.82 0.86 0.83
0.60 0.95 0.93 0.78 0.85 0.82
0.65 0.95 0.94 0.74 0.83 0.80
0.70 0.94 0.96 0.69 0.80 0.78
0.75 0.94 0.98 0.65 0.78 0.77
0.80 0.92 0.98 0.57 0.72 0.71
0.85 091 0.99 0.48 0.65 0.66
0.90 0.89 1.00 0.37 0.54 0.57
0.95 0.86 0.99 0.20 0.34 0.41

At a threshold of 0.40, the model achieved an accuracy of 95.1%, a precision of 83.4%, a recall of
89.1%, an F1 score of 86.2%, and the highest MCC (approximately 0.83). Lowering the threshold from
0.50 to 0.40 reduced the number of missed COVID-19 cases from 88 to 59, while increasing false
positives from 61 to 96. This trade-off is clinically acceptable in screening contexts, as it substantially
improves sensitivity at the cost of a moderate increase in false alarms. The confusion matrix at
selected operating threshold 0.40 is shown in Figure 10.

Confusion Matrix (Threshold = 0.4)
- 2500

9% - 2000

Non-COVID

- 1500

True

- 1000

coviD

59 483
- 500

| '
Non-COVID coviD
Predicted

Figure 10. Confusion matrix at selected operating threshold (0.40),.
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The ROC curve (Figure 11) demonstrates strong class separability, with an AUC of

approximately 0.98.
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Figure 11. Receiver Operating Characteristic (ROC) curve on the test set.

Further analysis of MCC across thresholds (shown in Figure 12) revealed a broad optimal
operating region between approximately 0.35 and 0.45, indicating robustness to minor threshold
variations.

MCC vs Decision Threshold (Test Set)

0.8 -
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0.5
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0.4

0.2 0.4 0.6 0.8
Decision Threshold

Figure 12. Matthews Correlation Coefficient (MCC) as a function of decision threshold.

4.4. Quantitative Classification Performance

Explainability is a critical requirement in medical Al systems, particularly in radiology, where
model predictions must be grounded in clinically meaningful image regions. In this study,
explainability was implemented using Gradient-weighted Class Activation Mapping (Grad-CAM),
which produced spatial heatmaps indicating image regions that contribute most strongly to the
model’s prediction by backpropagating gradients from the final convolutional layer. While visual
inspection of Grad-CAM heatmaps provides intuitive insight, visual explanations alone are
subjective and insufficient for rigorous evaluation. To address this limitation, this study incorporated
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a quantitative explainability assessment based on lung-region coverage and CAM energy
distribution, enabling objective measurement of anatomical relevance.

Two complementary quantitative measurements are used:

(a) CAM Energy

CAM energy represents the total activation strength of the Grad-CAM heatmap and is computed
as the sum of all pixel intensities in the heatmap:

Eoa = ) HGY) (20)
Xy

where H(x,y)is the Grad-CAM activation value at pixel location (x’y).

This value reflects how strongly the model attends to image regions overall for a given
prediction.

(b) Lung-Region CAM Energy Coverage
To assess anatomical relevance, CAM energy is separated into contributions inside and outside the
lung region using a binary lung mask M(x,y):

Buung = ) H(0Y) - M(x,5) (21)
xy
Etotal = Z Xy H(xv Y) (22)
The lung-region coverage ratio is then defined as:
Ejyn,
Lung Coverage (%) = % x 100 (23)

total
This metric quantifies the proportion of model attention focused within anatomically valid

pulmonary regions.

5. Discussion

Examples of the grad-CAM explainability analysis for chest X-ray classification are included in
Figure 13. Higher lung-region CAM energy indicated that the model relies predominantly on
clinically relevant lung structures such as parenchymal textures and opacity patterns when making
predictions. Conversely, lower coverage suggests reliance on non-diagnostic cues such as image
borders, background artefacts, or acquisition markers. Increased concentrations of CAM energy
within lung fields therefore provided objective evidence that the model’s decision-making process is
anatomically aligned and clinically meaningful, rather than driven by spurious correlations. This
quantitative evaluation strengthens confidence in the interpretability and reliability of the model
beyond qualitative heatmap inspection alone.

Image: Normal-7067.png
Prediction: Normal

COVID probability: 17.06% (threshold = @.4)
CAM energy inside lungs: 50.7%
CAM energy outside lungs: 49.3%
Raw + Lung Mask

Gradient-CAM Heatmap Overlay — Normal (17.1%, thr=0.4)
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Image: COVID-3111.png
Prediction: COVID
COVID probability: 76.70% (threshold = 0.4)
CAM energy inside lungs: 61.1%
CAM energy outside lungs: 38.9%
Raw + Lung Mask Gradient-CAM Heatmap Overlay — COVID (76.7%, thr=0.4)

Figure 13. Grad-CAM explainability analysis for chest X-ray classification. Shown are (left) lung-masked chest

X-ray, (centre) Grad-CAM heatmap, and (right) heatmap overlaid on the original image.

Quantitative evaluation was based on CAM energy distribution and lung-region coverage,
measuring the proportion of model attention located within anatomically valid pulmonary regions.
This explainability stage ensured that the developed COVID-19 classification model demonstrates
behaviour that is interpretable, clinically grounded, and suitable for integration into diagnostic
support workflows.

Explainability was incorporated as a core component of the framework through the integration
of Grad-CAM and lung-region coverage analysis. Visual explanations and quantitative attention
measurements confirmed that model predictions were predominantly driven by anatomically
meaningful pulmonary regions rather than background artefacts. This combination of qualitative and
quantitative explainability supports transparent and clinically grounded interpretation of model
outputs and increases diagnostic confidence. A lightweight prototype deployment was also
developed to demonstrate user interaction with the trained model. The interface enables users to
upload chest X-ray images and receive classification results accompanied by probability scores, visual
explanations, and concise textual interpretation. This demonstration highlights the feasibility of
integrating explainable deep learning models into practical diagnostic support workflows.

Overall, the findings indicate that combining anatomical guidance, a novel four-channel feature
representation, and explainable artificial intelligence techniques can yield robust predictive
performance while maintaining high interpretability. The proposed framework provides a
foundation for explainable chest X-ray classification systems and supports the safe and trustworthy
adoption of deep learning methods in medical imaging.

Future research should focus on extending the framework to multi-class respiratory disease
classification, performing external and multi-centre validation to assess generalisability,
incorporating clinical metadata to enhance contextual relevance, and evaluating performance
through prospective clinical studies. Continued development of human-centred explainability
methods will further strengthen the role of explainable deep learning systems in real-world
healthcare applications.

The proposed explainable DL framework offered a robust and interpretable solution for COVID-
19 detection from chest X-rays, supporting its potential integration into clinical decision-support
workflows.

6. Conclusions

This paper presented an explainable deep learning framework for COVID-19 detection from
chest X-ray images, addressing the need for accurate, interpretable, and clinically relevant diagnostic
support systems. The proposed approach integrates anatomically guided preprocessing, a novel
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four-channel input representation, and explainable artificial intelligence techniques to enhance both
predictive performance and transparency.

A modified Xception-based convolutional neural network was developed to process a four-
channel representation comprising lung-isolated soft-tissue images, mid-frequency opacity maps,
vessel enhancement maps, and texture-based features. This multi-channel formulation extends
beyond conventional single-channel chest X-ray analysis and provides complementary anatomical,
frequency-domain, vascular, and texture information. Experimental evaluation demonstrated strong
classification performance, achieving high accuracy, recall, F1 score, Matthews Correlation
Coefficient, and AUC. Threshold analysis further identified an operating point that prioritised
sensitivity, reducing missed COVID-19 cases and aligning model behaviour with screening-oriented
clinical requirements.
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