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ABSTRACT. Precise identification of lung regions in CT scans is essential for lung cancer diagnosis,
staging, and quantitative assessment. Inaccurate or inconsistent delineation can compromise measurements
and affect clinical decisions. Traditional segmentation methods, including standard U-Net architectures,
often struggle when confronted with variations in imaging protocols or abnormal lung appearances caused
by disease. To address these limitations, this study proposes a deep learning—based framework using the
Attention Residual U-Net (ARU-Net) for generating accurate lung masks across diverse DICOM datasets.
ARU-Net strengthens feature propagation through residual connections while its attention mechanism
enables the network to focus more effectively on relevant lung structures and suppress background
interference. The model is initially trained on the Kaggle lung segmentation datasets (LUNA16 and
DSB2017), which provide expert-annotated 2D CT slices, and later applied to multi-institutional DICOM
scans from The Cancer Imaging Archive (T CIA), including CT and PET -CT studies. Pre-processing steps
such as intensity normalization and histogram matching are incorporated to enhance domain consistency.
The resulting lung masks are produced as 3D volumes and DICOM SEG overlaysto support further clinical
tasks, including lesion extraction, TNM staging, and percentile density analysis. Experimental results show
that the proposed method outperforms conventional U-Net models in segmentation accuracy, robustness,
and downstream clinical applicability.

1. Introduction
incorporating attention mechanisms and residual learning

Precise lung segmentation is essential for computer-aided to achieve robust and clinically reliable segmentation.

lung cancer detection and TNM staging, as it restricts

analysis tasks such as lesion detection, volume estimation, 1.1. Motivations

and disease assessment to relevant anatomical regions. This study is motivated by the need for accurate and
Accurate lung boundary delineationis also critical for reliable lung segmentation for cancer detection and TNM
quantitative measures, including lesion burden and staging, as existing methods often fail on real-world
emphysema estimation, while excluding non-lung tissues clinical data due to anatomical variability, pathology, and
[1]. However, traditional methods based on thresholding, imaging artifacts. These limitations necessitate robust,

region growing, and morphological operations often fail
under severe pathology, abnormal anatomy, or imaging
artifacts. Deep learning approaches, particularly U-Net—
based encoder—decoder architectures, have improved lung
segmentation by learning spatial and contextual features
directly from CT data. Nevertheless, conventional U-Net
models show limited generalization across heterogeneous,
multi-institutional datasets with varying imaging
protocols and often mis-segment diseased regions due to
insufficient anatomical focus [2], [3] and [4]. These
limitations highlight the need for advanced models

adaptive segmentation frameworks capable of handling
complex lung structures and producing clinically usable
outputs, such as DICOM-compliant masks, for seamless
integration into Al-driven clinical workflows.

1.2. Contributions

This paper presents the following contributions to
automated lung segmentation for cancer diagnosis and
staging:

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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* An Attention Residual U-Net (ARU-Net) is proposed by
integrating residual learning and attention gates into the
U-Net architecture, enabling improved focus on clinically
relevant lung regions and suppression of background
structures in anatomically complex scans.

* The modelis trained on LUNA 16 and DSB2017 datasets
and adapted to multi-institutional TCIA DICOM data (CT
and PET-CT) using intensity normalization and histogram
matching to enhance cross-dataset generalization.

* Segmentation outputs are generated as binary masks, 3D
volumes, and DICOM SEG overlays, supporting direct

integration with PACS systems and downstream tasks
such as quantitative analysis and TNM staging.

* Experimental evaluations demonstrate that ARU-Net
outperforms standard U-Net models under severe

pathology and heterogeneous imaging conditions,
providing improved robustness and consistency.

* Accurate lung boundary extraction enables reliable
quantitative cancer analysis, including volume estimation,
nodule detection, and treatment planning in clinical and
research settings.

2. Related works

U-Net [5] is a widely used biomedical image
segmentation architecture due to its encoder—decoder
structure with skip connections, enabling effective s patial
and contextual feature learmning across modalities.
However, standard U-Net models struggle with long-
range dependencies, irregular anatomy, and cross-dataset
generalization, leading to variants such as Residual,
Attention, Dense, 3D, and trans former-based U-Nets that
enhance robustness through residual learning, attention
mechanisms, and volumetric feature extraction.

Attention U-Net [6] improves region focus using soft
attention gates with low inference cost, while nnU-Net [7]
offers strong generalization through automated
configuration at the expense of high computational
demand and limited architectural flexibility. Trans former-
based models, including UNETR [8] and Swin-Unet [9],
capture global dependencies and perform well on
complex structures but require large annotated datasets
and substantial computing resources.

For lung segmentation, ResDSda U-Net [10] and
comparative studies in [I1] demonstrate improved
accuracy using attention and residual learning, though
performance remains sensitive to data variability and
annotation quality. DeepLabV3+ [12], SegNet
comparisons [13], and volumetric models suchas 3D MS-
DPN [14] further highlight trade-offs between accuracy,
computational cost, and generalization. RA -UNet [15]
improves noise-aware learning butis limited to specific
conditions.Overall, despite notable advances, existing
methods continue to face challenges in robustness,

generalization, and clinical scalability, motivating
advanced attention- and residual-based lung segmentation
frameworks.

3. Methodology

The design, setup, and training procedures for the
suggested ARU-Net model for lung segmentation are
explained in detail in this section.

3.1. ARU-Net Architecture

The Attention Residual U-Net (ARU-Net) enhances the
standard U-Net by integrating residual connections and
attention gates, as shown in Fig. 1. The network takes a
2D lung CT slice as input and processes it through
residual blocks consisting of convolutional layers and
identity skip connections. Instead of learning a direct
mapping, ARU-Net learns a residual function to improve
convergenceand enable deeper network training. Let xxx
be the input and F(x) the convolutional output; the
residual output is defined in (1).

y =F(x)+x 1)
Skip connections preserve inputinformation and improve
gradient flow as features pass through successive residual
blocks. Let xi denote the output of the first block; the
output of the second residual block is defined in (2).

y = F(x) +x @)

Residual Block

Residual Block

o
[ e @ reemoncme
Fig 1. Proposed ARU-Net Architecture

Attention gates guide the network to focus on critical
regions before skip connections by combining low-
resolution decoder features with high-resolution encoder
outputs. Spatial attention coefficients ol\alphao are
computed to enhance relevant structures, such as lung

boundaries, while suppressing irrelevant regions, as
defined in (3).
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a=oWlyl ReLUWxx+ Wgg + b) +b (3)

whereWx, Wg - linear transformations

w- a projection vector

o - sigmoid activationa € [0, 1] - attention coefficient
mask. The attention-weighted aspects of the output
are x~ = o - x. the decoder restores spatial resolution
through progressive upsampling. Let fbe the feature map
and s the scaling factor; the upsampling operation i
defined in (4) and (5).

Jup = Upsample (f scale =) ()

Table 1. Stage-wise architectural details of the
Attention Residual U-Net architecture

Stage Description| Key Output
Blocks
Input Input lung — H, W,
image 1)
Encoder Feature Residual (H/2,
extraction Block 1 W/2, F)
Bottleneck | Deep feature | Residual (H/4,
representation | Block 2 |W/4, 2F)
Attention | Fuse Attention | (H/2,
Fusion 1 bottleneck Gate 1 W/2, F)
output with
encoder
features
Decoder Up-sample Up (H/2,
Up-sample | the attention{ Sampling |W/2, F)
1 gated features
Attention | Fuse skip Attention | (H, W,
Fusion 2 connection| Gate 2 F)
fe atures
Output Final Conv + | (H, W,
Layer prediction Sigmoid 1)
mask
Typically
JSup = Conv(Bilinear(f" )) ©))

After upsampling, decoder features are fused with
attention-refined encoder features to preserve both
semantic and spatial information for lung segmentation.

Jmerge =fa +x"=fa+ (a0 f) (6)

Let f. and fs denote the attention-gated encoder and
decoder features, respectively. The network outputs
a lung segmentation mask using sigmoid or softmax
activation, as defined in (7).

haty(i, j) = o(z(i, /) (7

where z(7, j) is the network raw output at pixel (3,
J), and o is the sigmoid activation

3.3.Data processing

Preprocessing standardizes diverse datasets to ensure
robust ARU-Net segmentation, as shown in Fig. 2.

3.3.1 Dataset Description and Sources

ARU-Net is trained and evaluated on both public and
clinical datasets. Public datasets include 2D CT lung
slices with segmentation masks from DSB2017 and
LUNA16, providing high-quality annotations for
effective modeltraining. Clinical evaluation is perfommed
using DICOM CT and PET-CT images from TCIA, which
include corresponding lesion annotations.

3.2.2. DICOM Loading and Conversion

Clinical DICOM images are read using MATLAB’s
Image Processing Toolbox, with raw pixel values
represented in Hounsfield Units (HU),they must be
rescaled using metadata fields like

Raw DICOM
Scans

DICOM to HU Conversion
(RescaleSlope & Intercept)

Histogram Matching
(Match with Kaggle CTs)

Intensity Normalization

Data Augmentation
(Fiip, Rotate, Intensity)

Preprocessed CT
(for ARU-Net)

Fig 2. Preprocessing Framework

Rescalelnterceptand RescaleSlope are applied to convert
pixel values to Hounsfield Units, ensuring accurate tissue
density representation for effective lung tissue
discrimination, as defined in (8).

IHU =RescaleSlope x/raw+Rescalelntercept
®

3.2.3. Histogram Matching.

Histogram matching reduces intensity distribution
differences between clinical DICOM images and public
datasets by aligning input images to a reference his togram
from the Kaggle dataset. Let Hrer and Hinpur denote the
cumulative histograms; the transformation is defined in

).

Hmatched = H~ ' (Hinput(Zinput)) (9
3.2.4. DICOM Intensity Normalization.

After HU conversion, intensities are clipped to [—1000,
400] HU and linearly normalized to [0, 1], as defined m

(10).

clip(IHU,—1000,400) + 1000
Inorm =

7400 10

This standardization enables the network to leamn
consistent features across patients, scanners, and imaging
sites.
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3.2.5. Data Augmentation.

During training, ARU-Net employs on-the-fly
augmentation—including geometric transforms, elastic
deformations, intensity jittering, and random cropping—
to improve robustness and reduce overfitting across
diverse CT datasets.

3.3 Training Strategy

Pixel-wise  accuracy, region-level overlap, and
clinical variability adaptability are all balanced during
the multi-phase training procedure of the ARU-Net
model for lung segmentation. The optimization
procedure, the composite loss function, and the
application of transfer learning to improve
generalization from benchmark to clinical datasets are
all covered in this part.

3.3.1. Loss Function Design

Class imbalance in lung segmentation is addressed usinga
hybrid loss combining Dice Loss and Binary Cross-
Entropy  (BCE). BCE  penalizes pixel-wise
misclassificationas definedin (11), and the combined loss
is formulated in (13) to balance region overlap and pixel
accuracy

Lgce= — Zinzlyi log(y™D + (1 —
yi) log(1 — y%i)] (11)

The Dice loss, on the other hand, seeks to maximize
the geographic overlap between the ground truth and
projected masks, as shown in (12).
2 Y yidite

L, =1-— 12
dice 2i=1Yi+zi=137i+5 ( )

To attain learning balance, the two losses are

summed as given in (13).

Lrotar = @ Lygcp + (1 — @) Lgice 13)

3.3.2. Optimization and Hyperparameters

ARU-Net is trained using the Adam optimizer with an
initial learning rate of 1x10™* to ensure stable
convergence. Due to memory constraints in high-
resolution CT scans, the batch size is set to 8, and training
is performed for 100-200 epochs with early stopping
based onvalidation performance. A ReduceLROnPlateau
scheduler adjusts the learning rate when the validation
Dice score plateaus. The datasetis split into 70% training,
15% wvalidation, and 15% testing to ensure reliable
evaluation and generalization

3.3.3. Transfer Learning and Fine-Tuning

Kaggle Dataset
(TIFF)

Preprocessing: Normalization,
Histogram Matching, Augmentation

Initial Training
(Pretrain)
TCIA Dataset (DICOM, XML
annotations)

Fine Tuning with Transfer Learning
Attention & Decoder unfrozen first)

Final Model: ARU-Net
(Robust across domains)

Fig 3. Workflow of ARU-Net Training and Domain
Adaptation for Lung Segmentation

A two-phase transfer learning strategy is used to bridge
public and clinical CT domains. The model is first
pretrained on expert-annotated TIFF slices from LUNA 16
and DSB2017, followed by fine-tuning on TCIA DICOM
images in Fig. 3. During fine-tuning, the decoder and
attention modules are unfrozen first, with encoder layers
gradually unfrozen to adapt to domain-specific variations
while preserving learned low-level features.

4. Experimental Results
4.1. Evaluation Metrics

ARU-Net performance is evaluated using region-,
overlap-, and classification-based metrics to assess both
quantitative accuracy and qualitative segmentation
quality against ground-truth lung masks.

4.1.1. Dice Similarity Coefficient (DSC).
The Dice coefficient measures spatial overlap betweenthe

ground-truth mask Y and the predicted mask Y, and i
particularly effective for imbalanced segmentation tasks
such as lung CT images. It is computed as defined in (14).
DSC = 2|yny| _ 2TP (14)

2TP+FP+FN
4.1.2. Intersection over Union (loU)

The Jaccard Index (Intersection over Union) provides a
stricter overlap measure, defined as the ratio of the
intersection to the union of ground-truth and predicted
regions, as given in (15).
lynyl _ TP

lyuy| TP+FP+FN

4.1.3. Hausdorff Distance (HD)

IoU =

(15)

Dice and IoU assess overlap but not boundary accuracy;
the Hausdorff Distance measures the maximum boundary
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deviation between predicted and ground-truth contours, as
defined in (16).

HD (yy) = max{ sup infd(yy),sup inf d(7y)}
YEY YZY yev yey

16)
4.1.4. Qualitative Assessment

Predicted masks are overlaid on CT images for qualitative
validation, showing improved lung focus with attention
gates and revealing common segmentation failures.

5. Discussion and Clinical Relevance

The proposed ARU-Net achieves accurate and robust ung
segmentation on heterogeneous TCIA clinical CT datasets,
outperforming standard U-Net and SOTA methods. By
integrating residual learning and attention gates, it
effectively handles anatomical distortions and complex

pathology, achieving a Dice score 0f 0.95 and an IoU of
0.91.

5.1. Model-Based Lung Segmentation
Performance on Patient lung Dx-A0001

A slice-wise evaluationona clinical CT case (PatientID:
Lung Dx-A0001) with 64 axial slices was performed to
assess ARU-Net’s generalization on heterogeneous
DICOM data. The analysis confirmed robust lung
segmentation with reduced false positives near non-lung
structures, demonstrating the clinical benefit of
combining residual learning and attention mechanisms.

5.1.1. Segmentation Accuracy and Lung
Boundary Delineation

CTo002

, ;
Z

Fig. 4. Slice-wise lung segmentation results for patient
Lung Dx-A0001

Fig. 4 shows original CT slices and corresponding ARU-
Net lung masks for patient Lung Dx-A0001,
demonstrating accurate segmentation across all 64 slices,
including challenging apical regions. Attention gates
improve spatial selectivity and reduce false positives
compared to baseline U-Net models.

5.1.2. Performance in Middle and Basal Slices

Between CT0009 and CT0035 in Fig. 5, ARU-Net
produces stable and complete lung segmentation.

Residual connections improve feature preservation and
reduce artifacts compared to conventional U-Net variants.

i DTOON .. OT0035

ted g Mask dited Lung Mask

Fig. 5. Adaptive Lung Boundary Segmentation Across
Apical and Mid-Thoracic CT Slices for Patient Lung
Dx-A0001

5.2. Nodule Exclusion and Clinical Relevance

Figure 6 shows ARU-Net qualitatively excluding
pulmonary nodules fromlung masks, supporting accurate
volume analysis and TNM staging. While lung regionsare

omw o LTS

well segmented in thoracic slices, minor boundary errors
and false positives appear in non-thoracic regions,
indicating the need for slice selection or 3D context for
improved robustness.

Fig.6. Comparison of Original CT DICOM Slices

and Predicted Lung Masks for Different Patient
CasesLung Dx-A0001
5.3. Model-Based Lung Segmentation

Performance on Patient Lung Dx A0002

Slice-wise inference on a clinical DICOM scan (Patient
ID: Lung Dx-A0002) confirms ARU-Net’s robustness
across anatomically challenging regions, achieving
consistent lung masks with effective false-positive
suppression and nodule exclusion.
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Table 2. Comparison of ARU-Net with
Baselines and State-of-the-Art (SOTA) Models

Figure 7 shows accurate ARU-Net lung segmentation in
early axial CT slices, with attention gates reducing minor

Model Architect- | Performa Practical 0.91).
ure -nce Suitability oot L ~cToons _cToo
Summary | Summary

U-Net [5] | Basic Poor Weak 5
encoder— | accuracy; | generalizati N ! ! 4
decoder high on; low o

FP/FN’ Clinical use .. CT0005 " ... CT0006 " CT0007
includes
nodules g u

Attention | U-Net+ Moderate | Moderate &

U-Net [6] | attention accuracy; | generalizati
gates moderate | on; medium . LT

FP; partial | suitability
nodule
exclusion

UNETR Transform | Good Needs large ) o o )

8] erencoder | accuracy; | data; Fig. 7. Vlsuallz?.tlon of.Orlgmal CT DICOM Shc.e.s
+CNN low FP; medium and Correspond}ng Predicted Lung Masks for Initial
decoder inconsiste | suitability Patient CasesLung Dx-A0002

ntedges; Figure 8 shows ARU-Net accurately segmenting mid- to
gllii’u de lower—Fhoracic lung regions wi.th .consi§tent nodule
nodules exclusion and preserved anatomical integrity.

Swin-Unet | Swin High High . CTO0 ...CTO0M4 CToote . _cTools

9] Transform | accuracy; | generalizati m
er with low FP; on; Med—
hierarchic | includes High
al features | nodules suitability -

unless i
masked

ResDSDA | Residual+ | High Good CT ™

Net [10] DO-Conv | accuracy; | performance
+ASPP+ | low FP; ; high = CTI2
attention | partial suitability

nodule
exclusion

RA-UNet Multi- Good Low Fig-8. Comparison of Original CT DICOM Slices and

[15] scale accuracy; | generalizati Predicted Lung Masks Across Multiple Patient
residual moderate | on; medium CasesLung Dx-A0002
attention fN’ not suitability ARU-Net achieves strong generalization on clinical

;;Ségzgc DICOM dgta through histogram matchmg, intens.ity
nU-Net Auto- High Strong normalization, and transfer learning, outperforming

7] configured | accuracy; | generalizati baseline U-Net variants in false-positive suppression and
U-Net low FP; on; high complete nodule exclusion. Compared with existing

dataset suitability CNN- and trans former-based models, ARU-Net provides
dependent an effective balance ofaccuracy, robustness, and clinical

ARU-Net | Residual | Veryhigh | Strong usability, making it well suited for lung cancer staging,

(Proposed | U-Net+ accuracy; | generalizati volumetric analysis, and real-world diagnostic

) attention + | very low on; highly wortkflows.
preprocess | FP/FN; suitable;
ing excludes DICOM- 5.3.1. Comprehensive Performance Evaluation

nodules ready and Clinical Validation of ARU-Net
Fig. 9 compares ARU-Net with baseline and SOTA
5.3.1. Segmentation Accuracy and False models using IoU, Hausdorff Distance, and inference

Positive behaviour

errors and achieving high accuracy (Dice: 0.95, IoU:

time. ARU-Net achieves the highest IoU (=0.9) and the
lowest Hausdorff Distance, indicating superior accuracy
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Hausdorff Distance (px)

and boundary precision, while maintaining relatively low
inference time compared to heavier models such as
DeepLabV3+.

Hausdorff Distance Comparison

v

2 4 6 8 10

Epochs
Performance Comparison: ARU-Net vs Baseline and SOTA

loU Comparison Hausdor" Dislance
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Fig.9. Performance Comparison: ARU-Net vs

Baseline and SOTA

Fig.10 shows that ARU-Net achieves consistently high
Dice and IoU scores across CT images, confirming
accurate lung boundary delineation and reliablke
performance for multi-modal lung segmentation.

09 Dice Similarity vs loU Comparison
X T T T T

T T
- -
I Dice Similarity

08} I lou .|

IR I & ;&s X @
© o © o S © > o ©
QQM Q\t ng,t 6”1' §M @zw §M é\w @‘m« @q@
°° o °° o °° o °° ° °° °
Image Index

Fig 10. Dice Similarity vs IoU Comparison

Fig.11 shows that ARU-Net achieves lower Hausdorff
Distance across testimages, indicating superior boundary
accuracy and improved segmentation performance in
complex CT scans.

Fig. 11. Hausdorff Distance Comparison

Figures 12—14 collectively demonstrate ARU-Net’s
learning behavior and clinical reliability: Fig.12 shows
stable convergence with decreasing loss and increasing
accuracy, Fig.13 illustrates high true-positive lung
classification with limited boundary mis classifications via
the confusion matrix, and Fig.14 reveals that Hounsfield
unit—based lung intensity features contribute most
significantly to accurate lung segmentation.

Fig.12. Model Performance Over Time (Loss and
Accuracy)
Confusion Matrix
30
Non-Lung <3 28
2 26
2
P
=
24
Lung 20 24
22
Non-Lung Lung 29

Predicted label

Fig 13. Confusion Matrix for Lung vs Non-Lung
Classification

Simulated Feature Importance for Lung Segmentation
T T T T T T T

lung,d05,u
lung,d95,u

lungean,u

Feature

lung,olumeraction

lung,rea,,m2

| L .
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Feature Importance

Fig 14. Simulated Feature Importance for Lung
Segmentation Model

6. Conclusion and Future Work

The proposed Attention Residual U-Net (ARU-Net)
demonstrates excellent lung segmentation performance
on multi-modal CT and PET-CT data by effectively
combining residual learmning and spatial attention.
Quantitatively, it achieves a Dice score of 0.95, IoU of
0.91, and the lowest Hausdorff Distance among compared
models, with 100% nodule exclusion and clinically
insignificant false predictions. Histogram matching and
intensity =~ normalization  significantly = enhance
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generalization across heterogeneous clinical datasets
while maintaining inference time comparable to baseline
U-Net models. These results establish ARU-Net as a
robust and accurate alternative to existing U-Net variants
and state-of-the-art approaches. Future work will focus on
extending the model to full 3D lung segmentation,
optimizing real-time deployment, model compression for
resource-limited settings, and exploring multi-task and
federated learning frameworks to support large-scale
clinical adoption.
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