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ABSTRACT

Pulmonary fibrosis (PF) occurs as intricate morphological patterns in lung CT scans and
presents as fine nodular, lobular, or lesion-based abnormalities. Precise localization of the fibrotic
areas is crucial for early diagnosis and optimal clinical management. This article proposes a new
segmentation framework—RTMV-Net—that integrates Richer Convolutional Features (RCF)
with Vision Transformer (ViT) modules to better profile boundaries of fibrotic architecture over
anatomically heterogeneous pulmonary regions. The new model combines multi-scale
convolutional edge sensitivity with global contextual perception to provide accurate fibrosis
delineation in heterogenous lung tissue. In addition, RTMV-Net includes temporal tracking among
consecutive CT scans and multi-view fusion from axial, coronal, and sagittal planes to enable
dynamic and holistic mapping of fibrotic evolution. Experimental evaluation on annotated CT
datasets proves substantial gains in precision, recall, and Dice coefficient, especially in areas with
unclear fibrotic boundaries. The RTMV-Net model presents a powerful and scalable solution for
automatic fibrosis detection and supports the development of intelligent radiological decision
support systems.
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INTRODUCTION threatening conditions. Pulmonary fibrosis is
a disabling interstitial lung condition. CT
scans is a methodology through which this

infection is revealed that are extremely

One of the special disease where
lungs becomes stiff like a sponge that turns

into a rock like is pulmonary fibrosis. It is
specific lung disease that makes Iungs so hard
and scarred, which makes difficult to breathe
and it is very difficult to detect in early
days.Progressive scarring of lung tissues are
characterized for pulmonary fibrosis, which
results in respiratory function and life-

diverse midst patients as indistinct nodular
edifices, irregular anomaly-based abrasions
and partisan lobules. These advents are
temporarily dynamic, changes overtime to
quantify manually.
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When visual signals are weak or areas because of low contrast, texture
ambiguous  in  early-stage  fibrosis, overlap, and the anatomical variability of
conventional diagnostic methods are very on lung structures. These constraints highlight
radiologist interpretation, which tends to be the need for a strong, smart framework that is
subjective  and  variable. = Automated able to capture both the subtle edge details
segmentation algorithms have been presented and the large-scale contextual patterns of
as a promising answer, but current models fibrosis in space and time.
generally fail to properly localize fibrotic
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Figure 1: CT-Based Manifestations and Limitations in Automated Pulmonary Fibrosis Segmentation

Recent advances in deep learning have transformed medical image analysis, providing
strong tools for feature extraction, pattern recognition, and semantic segmentation. Richer
Convolutional Features (RCF) have also been found useful for the improvement of edge detection
through the aggregation of multi-scale features from all the convolutional layers, thus being highly
effective in detecting subtle change points between healthy and fibrotic tissue. While this, Vision
Transformers (ViT) have marked a paradigm shift by substituting convolutional operations with
self-attention mechanisms, allowing models to learn long-range dependencies and global
anatomical context. Though each of RCF and ViT has its strengths, neither of them can address
the complex issues of pulmonary fibrosis segmentation individually. This work envisions a hybrid
architecture—RTMYV-Net—that combines RCF's sensitivity to edges with ViT's awareness of
contexts and develops a consolidated model for accurate boundary profiling in nodular, lobular,
and lesion-specific areas. By extending the complementary strengths of the two architectures,
RTMV-Net is able to develop a more integrated perception of fibrotic structures, even for
anatomically equivocal areas.
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Figure 2: RTMV-Net Fusion Overview

In addition to static segmentation, RTMV-Net offers two new modules that further enhance
its diagnostic functions: temporal tracking and multi-view fusion. Temporal tracking allows the
model to examine sequential CT scans in sequence, recording the evolution of fibrosis over time—
a key parameter in gauging the severity of disease and response to therapy. Longitudinal
assessment makes it possible for clinicians to track changes in lesion morphology, density, and
distribution with increased accuracy. Multi-view fusion, in contrast, combines axial, coronal, and
sagittal slices in a 3D attention mechanism so that fibrotic patterns seen in one plane are not missed
in others. This spatial integration improves the model's capacity to identify fibrosis in intricate
anatomical areas where single-plane examination may be inadequate. Collectively, these modules
turn RTMV-Net into an active and robust segmentation system that not only detects fibrotic areas
with high precision but also monitors their development across time and space. Experimental
comparison on labeled CT datasets shows that RTMV-Net improves considerably over current
segmentation models in precision, recall, and Dice coefficient and can therefore be a valuable tool
for smart radiological decision-making and early intervention in pulmonary fibrosis.
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Figure 3: Architectural Diagram of RTMV-Net Architecture for Pulmonary Fibrosis Segmentation
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LITERATURE REVIEW

Pulmonary fibrosis segmentation from
CT scans presents unique challenges due to
its subtle progression, low contrast textures,
and anatomical variability across views and
time. While deep learning has revolutionized
medical imaging, most models fail to fully
capture the temporal evolution, multi-view
consistency, and fine-grained edge details
essential for accurate fibrosis profiling. The
proposed RCF-ViT hybrid with temporal
multi-view edge fusion addresses these gaps.

Temporal Modeling in Pulmonary
Imaging

Temporal analysis enables tracking
of disease progression across longitudinal
CT scans. Traditional models like RNNs
and LSTMs have been used to capture
sequential dependencies, but often lack
spatial precision.

Thillai et al. (2024) developed deep
learning—based segmentation to predict
disease progression and mortality in
idiopathic pulmonary fibrosis (IPF),
showing that longitudinal CT biomarkers
correlate strongly with clinical outcomes.
[1]: Thillai et al., ATS Journals, 2024

Multi-View Fusion for Anatomical
Consistency

Multi-view learning leverages axial,
coronal, and sagittal slices to improve
anatomical understanding. However,
naive fusion methods (e.g., averaging)
often dilute critical edge information.

Rezvani et al. (2024) proposed
FusionLungNet, a multi-scale fusion
network with refinement modules to
address overlapping textures and semantic
gaps in lung CT segmentation. [2]:
Rezvani et al., arXiv: 2410.15812

Nazir et al. (2022) introduced
Laplacian  Pyramid-based multi-view
fusion for lung cancer detection, achieving

high Dice scores and sensitivity. [3]: Nazir
et al., MDPI Electronics, 2022

Richer Convolutional Features (RCF) for
Edge Sensitivity

RCF aggregates multi-scale features
from intermediate layers to enhance edge
detection. It has proven effective in
delineating fine contours in noisy medical
images.

Liu et al. (2019) introduced RCF for
edge detection, demonstrating superior
performance on BSDS500 and NYUD
datasets. [4]: Liu et al., IEEE TPAMI

Parmar et al. (2023) wvalidated
RCF’s robustness in noisy MR brain
scans, highlighting its edge-preserving
capabilities. [5]: Parmar et al,
NeuroQuantology

Vision Transformers (ViT) for Global
Context

ViTs model long-range
dependencies and global anatomical
context, outperforming CNNs in low
contrast and structurally diverse regions.

Sabir et al. (2023) developed
FibroViT, a ViT-based framework for
pulmonary fibrosis detection, achieving
near-perfect accuracy and localization.
[6]: Sabir et al., Frontiers in Medicine

Henry et al. (2022) reviewed ViT
applications in  medical imaging,
emphasizing  their  superiority  in
segmentation and classification tasks. [7]:
Henry et al., arXiv:2211.10043

Hybrid RCF-ViT Architectures

Combining RCF and ViT offers a
powerful synergy: RCF enhances edge
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sensitivity, while ViT captures global
anatomical context. This fusion is
particularly effective in segmenting
fibrotic lesions with irregular boundaries
and evolving textures.

Wong et al. (2021) introduced
FibrosisNet, a CNN-based model for
fibrosis progression prediction, laying
groundwork for hybrid designs. [8]: Wong
et al., GitHub

Fu et al. (2025) proposed
LungMaxViT, a hybrid transformer for
multi-class lung disease classification,
outperforming classical CNNs and ViTs.
[9]: Fu et al., Nature Scientific Reports

Temporal Multi-View Edge Fusion: A
Novel Framework

The proposed Temporal Multi-View
Edge Fusion framework integrates Richer
Convolutional Features (RCF) and Vision
Transformers (ViT) to address the
multifaceted challenges of pulmonary
fibrosis segmentation. Temporal profiling is
employed to capture lesion evolution across
longitudinal CT scans, enabling the model to
detect subtle changes in fibrotic patterns over
time. Multi-view fusion leverages anatomical
information from axial, coronal, and sagittal
planes, ensuring spatial consistency and
enhancing the robustness of segmentation
across diverse orientations. The RCF module
contributes fine-grained edge detection by
aggregating  multi-scale  convolutional
features, which improves boundary precision
in low contrast and irregular regions.
Complementing this, the ViT module models
global anatomical context through self-
attention  mechanisms, allowing the
framework to effectively distinguish
overlapping  textures and anatomical
diversity. By combining temporal dynamics,
spatial coherence, edge sensitivity, and
contextual awareness, this hybrid
architecture overcomes key limitations of
existing models and establishes a new

benchmark for accurate and interpretable
fibrosis segmentation.

MATERIALS AND METHODS
A. Dataset Description

Publicly available and institutional
CT datasets of high-resolution chest scans
from patients with idiopathic pulmonary
fibrosis (IPF), as well as healthy controls,
were used in this study. There were axial,
coronal, and sagittal views, and temporal
sequences over several clinical visits per
scan. Fibrotic areas were annotated by
expert radiologists using semi-automated
labeling. All data were preprocessed to
normalize voxel intensity, resize volumes
to have a uniform resolution (1 mm?), and
align anatomical landmarks between
views.

B. Preprocessing and Multi-View
Alignment

To enable multi-view fusion, each
CT volume was decomposed into three
orthogonal planes. Spatial registration was
performed using affine transformation to
ensure anatomical consistency across
views. Temporal alignment was achieved
by matching scan timestamps and
interpolating missing slices using cubic
spline interpolation. Each view was
encoded separately and later fused using a
cross-attention mechanism.

Preprocessing in Lung Disease Imaging:

Preprocessing in medical imaging
is a crucial step that prepares raw data
such as X-ray, CT, or MRI scans for
accurate analysis, especially in the context
of lung disease. It begins with noise
reduction and normalization, which
remove artifacts and standardize pixel
intensity so that lung structures appear
clearer and more consistent across
patients. Next, segmentation isolates the
lung regions from surrounding tissues,
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ensuring that analysis focuses only on the
relevant areas. To maintain uniformity,
resizing and resampling adjust the
resolution of scans, which is vital for deep
learning models that require consistent
input dimensions. Contrast enhancement
further improves visibility by highlighting
nodules, lesions, or fibrosis patterns that

data augmentation techniques such as
rotations, flips, and synthetic variations
expand the dataset, making Al models
more robust and better able to generalize
across diverse patient populations.
Together, these preprocessing steps
significantly improve the reliability of
lung disease detection and monitoring.

may indicate disease progression. Finally,
Pseudo Code For Lung Image Preprocessing

FUNCTION Preprocess_Lung Images(image dataset):
FOR each image IN image dataset:

# Step 1: Load image
img « load(image)

# Step 2: Noise reduction
img « apply_filter(img, method="Gaussian" OR "Median")

# Step 3: Intensity normalization
img «— normalize intensity(img, range=[0,1])

# Step 4: Lung region segmentation
mask < segment lung region(img, method="thresholding" OR "U-Net model")
img «— apply mask(img, mask)

# Step 5: Resize / resample
img « resize(img, target resolution=(256,256))

# Step 6: Contrast enhancement
img «— enhance contrast(img, method="CLAHE")

# Step 7: Data augmentation (for training robustness)
augmented set «— [ ]

augmented_set.append(rotate(img, angle=random(-15,15)))
augmented_set.append(flip(img, axis="horizontal"))
augmented set.append(add noise(img, type="Gaussian"))

# Step 8: Multi-view alignment (if multiple scans available)

IF has multiple views(image):
aligned views «— align_views(image.views, method="rigid registration")
img <« merge_views(aligned views)

# Step 9: Save preprocessed image(s)
save(img, destination="preprocessed dataset")

RETURN preprocessed dataset
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Multi-View Alignment in Lung Disease
Imaging:

Multi-view alignment in medical
imaging plays a vital role in enhancing the
accuracy of lung disease diagnosis and
monitoring by integrating information
from different angles or modalities. For
example, aligning frontal and lateral chest
X-rays provides complementary
perspectives that can reveal nodules or
infiltrates hidden in a single view. In the
case of CT scans, multi-slice alignment
across time points enables clinicians to
track disease progression, such as tumor
growth or the spread of emphysema.
When different imaging modalities like X-

FUNCTION MultiView_Alignment(patient_scans):

# Step 1: Load all available views

ray, CT, and MRI are combined,
diagnostic accuracy improves because
each modality highlights unique tissue
properties, offering a more comprehensive
picture of Iung health. Additionally,
longitudinal alignment of scans taken at
different times allows physicians to
monitor treatment response and disease
progression  with  greater precision.
Together, these alignment techniques
ensure that diverse imaging data is
harmonized, leading to more reliable
clinical insights and better patient
outcomes.

Pseudo Code For Multi-View Alignment

views «— load_scans(patient_scans) # e.g., frontal X-ray, lateral X-ray, CT slices

# Step 2: Preprocess each view
FOR each view IN views:
view «— normalize intensity(view)

view «— resize(view, target resolution=(256,256))

view «— segment_lung region(view)

# Step 3: Choose a reference view

reference « select reference(views, method="frontal Xray" OR "central CT slice")

# Step 4: Align other views to reference
aligned views «— [ ]
FOR each view IN views:

IF view # reference:

aligned « register(view, reference, method="rigid registration")

aligned views.append(aligned)
ELSE:
aligned views.append(reference)

# Step 5: Fuse aligned views

fused image « fuse views(aligned views, method="weighted average" OR

"feature concatenation")

# Step 6: Save or return aligned dataset

save(fused image, destination="aligned dataset")

RETURN fused image

C. Temporal Profiling Module

The temporal module captures
lesion evolution across sequential scans. A
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gated recurrent unit (GRU) was employed
to model temporal dependencies, with
input features extracted from each
timepoint’s fused multi-view
representation. The GRU outputs were
passed through a temporal attention layer
to emphasize progressive fibrotic changes
while suppressing static anatomical
features.

Pseudo Code for Temporal Profiling
Module:

FUNCTION
Temporal Profiling Module(sequential sca
ns):

# Step 1: Extract features from each
timepoint

fused features « [ ]
FOR each scan IN sequential scans:

multi_view <« fuse views(scan.views)
# fused multi-view representation

features —
extract features(multi_view,
method="CNN" OR "feature encoder")

fused features.append(features)

# Step 2: Initialize GRU for temporal
modeling

GRU <« initialize GRU(hidden_size=H,
num_layers=L)

# Step 3: Pass sequential features through
GRU

GRU _outputs <« GRU(fused features)
# Step 4: Apply temporal attention

attention_weights “—
compute_attention(GRU_outputs,
focus="progressive changes")

attended outputs —
apply_attention(GRU_outputs,
attention_weights)

# Step 5: Suppress static anatomical
features

final representation —
emphasize dynamic(attended outputs,
suppress="static features")

# Step 6: Output temporal profile
RETURN final representation

D. CANNY EDGE DETECTION:

Canny edge detection can be
applied in medical imaging, including
lung disease analysis, to highlight
structural boundaries in chest X-rays or
CT scans. By reducing noise and
enhancing edges, it helps radiologists and
Al systems identify abnormalities such as
nodules, lesions, or irregular lung tissue
patterns.  This  technique improves
visualization of lung structures, making it
easier to detect early signs of diseases like
pneumonia, tuberculosis, or lung cancer,
and supports automated diagnostic
systems in providing more assessments
that are accurate.

To build edge detection, create a
pipeline to identify and trace dots that
might represent infected areas in the
lungs. This includes Morphological
operations and Contour detection to
isolate and then visualize them on the
original images.

Step 1: First of all apply morphological operations after initial canny edge detection for edge
refinement, enhancing small dots and to remove noise.

Step 2: Then this image is prepared for contour detection, which helps highlight the dots.

Step 3: Use OpenCV’s contour finding function to detect connected components in the

morphologically processed image.
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Step 4: Filter these contours based on characteristics like area and shape to identify potential

'dots' that correspond to affected areas.

Step 5: Visualize Detected Dots by overlaying the identified 'dots' (contours) onto the original

images using drawing functions.

Step 6: Final Task is to summarize the findings from the dot detection and tracing, and ask for

further analysis or next steps.

Original Original
Label: 0 Label: O

Original Original
Label: O Label: 0

Canny Edges

Marphalagical Ops

Canery Edges

CONVOLUTIONAL NEURAL NETWORK (CNN) MODEL

A Convolutional Neural Network
(CNN) is a type of deep learning model
designed to process data with a grid-like
structure, such as images. It works by
automatically learning spatial hierarchies
of features through layers of convolution,
pooling, and fully connected operations.
Convolutional layers apply filters to detect
local patterns like edges, textures, or
shapes, while pooling layers reduce
dimensionality and preserve important
features. As the network goes deeper, it
learns more complex representations,
enabling tasks such as  image

classification, object detection, and
medical imaging analysis. CNNs are
particularly powerful because they
minimize manual feature engineering,
adapt well to large datasets, and achieve
high accuracy in visual recognition
problems.

The process of building and
training a CNN model involves several
key steps. First, the model architecture is
defined, either by creating a custom CNN
or leveraging transfer learning with a pre-
trained network, and the output layer is set
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according to the classification task (e.g.,
binary for fibrosis detection). Next, the
model is compiled with an optimizer such
as Adam, an appropriate loss function like
categorical cross-entropy, and evaluation
metrics including accuracy, precision, and
recall. The training phase uses the
prepared training and validation datasets,
with options for callbacks like early
stopping or checkpointing to improve

efficiency. Once trained, the model is
evaluated on a separate test dataset to
measure  generalization performance,
often using metrics like loss, accuracy,
and confusion matrices. Finally, the entire
workflow is summarized, key
performance metrics are reported, and
recommendations for next steps—such as
hyperparameter tuning or exploring more
advanced architectures—are outlined.
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Confusion Matrix for Test Data

True Label

0

E. Richer Convolutional Features
(RCF)

The Richer Convolutional
Features (RCF) module is specifically
designed to improve edge sensitivity and
boundary detection in medical imaging,
which is particularly important for
analyzing lung disease where fibrotic

To further strengthen
representation, intermediate feature maps
generated at different scales are
aggregated wusing lateral connections,

which preserve hierarchical information
and prevent the loss of critical edge cues.
These aggregated features are then fused
through a weighted summation, a process
that balances contributions from different
scales to highlight the most relevant
boundaries. By integrating these steps,
RCF enhances the model’s ability to
detect complex and irregular edges,
making it  highly effective in
distinguishing fibrotic tissue from normal
lung structures even in challenging

Predicted Label

- 46

-2

regions often appear irregular and low in
contrast. The module operates by stacking
multi-scale convolutional layers, allowing
it to capture both fine-grained local details
and broader contextual information from
each imaging view. This multi-scale
approach ensures that subtle structural
variations, such as faint lesion boundaries
or small nodules, are not lost during
feature extraction.

imaging  conditions. This detailed
edge-aware representation  ultimately
supports more accurate segmentation,
diagnosis, and monitoring of lung
diseases.

This method for edge detection to
pinpoint affected areas (pulmonary
fibrosis) in the lung images. RCF is a deep
learning-based approach, which is more
advanced than Canny edge detection and
can produce more nuanced and detailed
edge maps. This will involve setting up
and using a pre-trained RCF model.

Step 1: To prepare pre-trained RCF model, TensorFlow/Keras implementation of RCF is

loaded based on a VGG network.

Step 2: RCF edge detection function is defined by creating a Python function that takes an
image as input, preprocesses and performs inference with the RCF model to generate edge
maps, and post-processes the output to be visually interpretable.
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Step 3: Apply the RCF edge detection function to a sample batch of images. Visualize the
original images alongside their RCF-detected edge maps to assess the results. This visualization
will help in comparing RCF with previous methods and understanding its output.

Step 4: Finally RCF edge detection results are compared to Canny, and ask for further analysis.
Pseudo Code for RCF Module:
FUNCTION RCF_Module(input_image):
# Step 1: Multi-scale convolutional feature extraction
feature _maps « []
FOR scale IN [small, medium, large]:
conv_output «— apply convolution(input_image, kernel size=scale)
feature_maps.append(conv_output)
# Step 2: Lateral connections to aggregate intermediate features
aggregated features «— []
FOR feature IN feature maps:
lateral output <— apply lateral connection(feature)
aggregated features.append(lateral output)
# Step 3: Weighted summation for fusion
fused_features «— weighted sum(aggregated features, weights=[w1, w2, w3])
# Step 4: Edge-sensitive output
edge map < enhance boundaries(fused features)
RETURN edge map

RCF Model Summary:
Model: "rcf_model"

Layer (type) Output Shape Param # | Connected to
input_layer_14 ( , 224, 224, 0 -

(InputLayer) 3)

blockl_convil ( , 224, 224, 1,792 | input_layer_14[0..
(Conv2D) 64)

blockl_conv2 ( , 224, 224, 36,928 | blockl _convli[@]]..
(Conv2D) 64)

blockl_pool ( , 112, 112, 0 | blockl_conv2[@0][..
(MaxPooling2D) 64)

block2_convl ( , 112, 112, 73,856 | blockl pool[@][@]
(Conv2D) 128)
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block2_conv2 (None, 112, 112, 147,584 | block2_convli[@]]..
(Conv2D) 128)

block2_pool (None, 56, 56, 0 | block2 conv2[@][..
(MaxPooling2D) 128)

block3_convl (None, 56, 56, 295,168 | block2 pool[@][@]
(Conv2D) 256)

block3_conv2 (None, 56, 56, 590,080 | block3_convl[0][..
(Conv2D) 256)

block3_conv3 (None, 56, 56, 590,080 | block3_conv2[0]]..
(Conv2D) 256)

block3_pool (None, 28, 28, 0 | block3_conv3[0][..
(MaxPooling2D) 256)

block4_convl (None, 28, 28, 1,180,160 | block3 pool[@][@]
(Conv2D) 512)

block4_conv2 (None, 28, 28, 2,359,808 | block4 convi[@][..
(Conv2D) 512)

block4_conv3 (None, 28, 28, 2,359,808 | block4 conv2[@][..
(Conv2D) 512)

block4_pool (None, 14, 14, 0 | block4 conv3[0@][..
(MaxPooling2D) 512)

block5_convl (None, 14, 14, 2,359,808 | block4_pool[0][@]
(Conv2D) 512)

block5_conv2 (None, 14, 14, 2,359,808 | block5 convi[@][..
(Conv2D) 512)

block5_conv3 (None, 14, 14, 2,359,808 | block5_conv2[0][..
(Conv2D) 512)

side_output_1 (None, 224, 224, 65 | blockl conv2[@][..
(Conv2D) 1)

side_output_2 (None, 112, 112, 129 | block2_conv2[@]]..
(Conv2D) 1)

side_output_3 (None, 56, 56, 1) 257 | block3_conv3[0@]]..
(Conv2D)

side_output_4 (None, 28, 28, 1) 513 | block4_conv3[@]][..
(Conv2D)

side_output_5 (None, 14, 14, 1) 513 | block5_conv3[@0][..
(Conv2D)

upsample_side_outp.. (None, 224, 224, 0 | side_output_1[0]..
(Resizelayer) 1)

upsample_side outp.. | (None, 224, 224, 0 | side_output_2[9]..
(Resizelayer) 1)
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upsample_side_outp.. | ( 224, 224, 0 | side_output_3[90]..
(Resizelayer) 1)

upsample_side_outp.. | ( 224, 224, 0 | side_output_4[0]..
(Resizelayer) 1)

upsample_side_outp.. ( 224, 224, 0 side_output_5[9]..
(Resizelayer) 1)

fuse_features ( 224, 224, 0 | upsample_side_ou..

(Concatenate) 5) upsample_side_ ou..

upsample_side_ou..

upsample_side_ ou..

upsample_side_ou..

rcf_output (Conv2D) ( 224, 224, 6 | fuse_features[Q]..
1)

Total params: 14,716,171 (56.14 MB)
Trainable params: 1,483 (5.79 KB)
Non-trainable params: 14,714,688 (56.13 MB)

Ay

RCF Edge Map - Label: 0

., %

—

RCF Edge Map - Label: 0
-

Binarize RCF Edge Maps and Calculate Affected Area:

Applying RCF Edge Detection,

images:

1/1 — e e

Binarization,

1ls 505ms/step

and Area Calculation on sample
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F. Vision Transformer (ViT)
Backbone

The ViT module was used to capture global
anatomical context. Each CT slice was
divided into non-overlapping patches and
embedded into tokens using linear projection.
Positional encoding was added to preserve
spatial  relationships. The transformer
encoder applied multi-head self-attention to
model long-range dependencies across views
and timepoints. Outputs from ViT were fused
with RCF features to form a hybrid
representation.

G. Edge Fusion and Segmentation
Head

The final fusion block combined outputs
from the temporal GRU, RCF, and ViT
modules. A residual fusion layer aggregated
these features and passed them through a
segmentation head  comprising two
convolutional layers and a softmax classifier.
The model was trained to predict pixel-wise
fibrosis probability maps.

H. Training Protocol

The model was trained using Adam optimizer
with a learning rate of le-4 and batch size of
8. Dice loss and focal loss were combined to
handle class imbalance. Data augmentation
included rotation, flipping, and Gaussian
noise injection. Training was conducted for
100 epochs on an NVIDIA A100 GPU using
PyTorch 2.0.

1. Evaluation Metrics

15

2.0 25 3.0

Sample Index

Segmentation performance was evaluated
using Dice Similarity Coefficient (DSC),
Intersection over Union (IoU), Hausdorff
Distance (HD), and sensitivity. Temporal
consistency was assessed using lesion
progression correlation across timepoints.
Ablation studies were conducted to isolate
the contributions of RCF, ViT, and temporal
fusion modules.

CONCLUSION

In  conclusion, using Richer
Convolutional Features (RCF) for Ilung
disease detection provides a robust approach
to medical image analysis by capturing multi-
scale and fine-grained edge information from
chest X-rays or CT scans. Unlike traditional
edge detectors, RCF leverages deep
convolutional layers to extract richer
structural details, enabling more accurate
identification of abnormalities such as
nodules, lesions, or irregular tissue
boundaries. This enhances diagnostic
precision, supports early detection, and
strengthens  automated systems  in
distinguishing between healthy and diseased
lung patterns. Overall, RCF-based methods
offer a powerful tool for advancing
computer-aided diagnosis and improving
patient outcomes in respiratory healthcare.
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