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Abstract: Background: The advent of artificial intelligence has significantly impacted radiology, with
radiomics emerging as a transformative approach that extracts quantitative data from medical images
to improve diagnostic and therapeutic accuracy. This study aimed to enhance the radiomic workflow
by applying deep learning, through transfer learning, for the automatic segmentation of lung regions
in computed tomography scans as a preprocessing step. Methods: Leveraging a pipeline articulated
in (i) patient-based data splitting, (ii) intensity normalization, (iii) voxel resampling, (iv) bed removal,
(v) contrast enhancement and (vi) model training, a DeepLabV3+ convolutional neural network
(CNN) was fine tuned to perform whole-lung-region segmentation. Results: The trained model
achieved high accuracy, Dice coefficient (0.97) and BF (93.06%) scores, and it effectively preserved
lung region areas and removed confounding anatomical regions such as the heart and the spine. Con-
clusions: This study introduces a deep learning framework for the automatic segmentation of lung
regions in CT images, leveraging an articulated pipeline and demonstrating excellent performance
of the model, effectively isolating lung regions while excluding confounding anatomical structures.
Ultimately, this work paves the way for more efficient, automated preprocessing tools in lung cancer
detection, with potential to significantly improve clinical decision making and patient outcomes.

Keywords: radiomics; deep learning; segmentation

1. Introduction

According to the American Cancer Society, lung cancer is the second most common
form of cancer in the United States in both men and women. It is estimated that in 2024
there will be about 238,340 new cases of lung cancer in the United States alone. Five-year
survival for lung cancer varies widely by stage and type, with an overall average of about
23%. Lung cancer is by far the leading cause of cancer death in the United States, accounting
for about one in five of all cancer deaths. Each year, more people die from lung cancer
than from colon, breast and prostate cancer combined [1]. Lung cancer is divided into
two main types: non-small-cell lung cancer (NSCLC) and small-cell lung cancer (SCLC).
NSCLC accounts for about 80–85% of cases and includes sub-types such as adenocarcinoma,
squamous-cell carcinoma and large-cell carcinoma. SCLC, on the other hand, makes up
about 10–15% of cases and is generally more aggressive and associated with a worse
prognosis [2]. These data highlight the importance of early detection and innovative
approaches, such as radiomic analysis, to improve the management and prognosis of
lung cancer.
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Radiomics, a revolutionary approach in radiology, aims to redefine diagnostic im-
ages from mere visual representations into complex and data-rich sources of quantitative
information [3,4]. This paradigm shift enables the extraction and analysis of informa-
tion previously obscured, making it increasingly accessible and interpretable through
advanced deep learning techniques [5,6]. Radiomics bridges the gap between engineering
and medicine, enhancing diagnostic and therapeutic processes through the synergy of
visual image interpretation and in-depth data analysis [7,8]. Radiomics has proven to be a
powerful tool for analyzing a range of medical imaging, including computed tomography
(CT), magnetic resonance imaging (MRI) and positron emission tomography (PET) and
facilitates the extraction of quantitative features that are not readily apparent through
visual inspection alone. This data-centric approach supports the creation of predictive
models capable of addressing specific clinical questions, thereby enabling more informed
and accurate decision making [9–11]. A pivotal component of the radiomic workflow is
the segmentation process, i.e., delineating regions of interest (ROIs) within medical images.
Accurate segmentation is crucial, as it directly impacts the quality and reliability of subse-
quent analytical steps [12,13]. However, manual segmentation remains the gold standard,
and its time-consuming and operator-dependent nature limits radiomics applicability and
strengthens the need to develop automatic segmentation frameworks.

Current automatic biomedical image segmentation primarily relies on deep neural net-
works and CNN architectures, achieving high precision and accuracy. However, challenges
remain, including the need for large labeled datasets, susceptibility to noise and difficul-
ties in generalizing to new clinical scenarios. Techniques like transfer learning and data
augmentation have proven effective in overcoming these limitations in medical imaging.
For instance, Kamnitsas et al. [14] demonstrated that these techniques improved accuracy
in brain image segmentation, while Bressem et al. [15] proposed hybrid approaches com-
bining pre-trained networks with data augmentation to enhance generalization. Transfer
learning is based on a two-phase approach: in the first phase, the model is trained on a
large, generic dataset to acquire foundational features; in the second phase, it is fine-tuned
for specific tasks.

In lung cancer segmentation, most studies have focused on direct cancer segmentation,
eliminating unnecessary information for the task and keeping only crucial information
that could improve cancer segmentation. In the literature, Primakov et al. [16] adopted a
similar approach in which the segmentation network was preceded by a pre-processing
pipeline focused on preserving the lung district and eliminating useless information, such
as that coming from the heart. Commercially, a similar solution is adopted by the Eclipse
treatment planning system, which, leveraging the AI-Rad Companion Lung CAD (Siemens
Helthineers) [17] system, enables the segmentation of lung nodules in four steps: (i) pre-
processing, (ii) candidate generation, (iii) classification and (iv) post processing. Indeed, in
the pre-processing step, the auto contouring platform segments the whole lung parenchyma,
leveraging a V-Net [18,19] convolutional neural network.

In line with these studies, this research focuses on developing an automated framework
whose aim is to detect and segment the whole lung district, comprising lungs and the
cancer as preprocessing step for lung cancer segmentation. This preprocessing step uses
the DeepLabv3+ net, thus differing from [16], which does not employ a CNN, and from
the Eclipse treatment planning system, differing in both CNN type and clinical objective.
Indeed, the Eclipse system focuses on detecting lung nodules.

Moreover, this research explores the use of transfer learning, an advanced technique
that overcomes the limitations of traditional models, particularly in the medical field,
where labeled data are scarce or difficult to obtain [20,21]. Compared to conventional
deep learning, which typically requires enormous amounts of data for accurate results,
transfer learning reduces dependence on large datasets and minimizes the need for manual
annotations, thus saving time and resources [22,23]. By utilizing pre-trained models
on large and diverse datasets, researchers can leverage learned features that generalize
well to specific medical tasks, allowing for robust performance even with limited data.
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Additionally, this technique enhances the model’s ability to generalize, reducing the risk
of overfitting—a common issue in models trained on small datasets. This approach not
only accelerates the training process but also improves the accuracy and reliability of
segmentation results, which are crucial in clinical settings to ensure consistent and objective
outcomes [24]. In this context, transfer learning is ideal for whole district lung segmentation,
as it enables the reuse of complex structural features already learned from larger datasets,
ensuring precise segmentation while minimizing manual interventions.

2. Materials and Methods

This study utilizes a dataset of chest CT images that were processed to ensure unifor-
mity and quality, using intensity normalization, spatial resampling and contrast enhance-
ment procedures. The objective is the automated segmentation of whole lung districts,
for which a deep learning model based on the DeepLabV3Plus [25] architecture was em-
ployed, adapted to segment specific regions of interest. The model’s performance was
evaluated using standard segmentation metrics. The following sections will provide a
detailed explanation of the steps involved.

2.1. Image Preprocessing

Preprocessing is a critical step in radiomics aimed at enhancing image quality and
standardizing inputs prior to feature extraction and analysis. For this study, preprocessing
was implemented in MATLAB, where custom code was developed to handle DICOM files,
execute necessary preprocessing tasks and conduct lung segmentation. The main steps
involved in preprocessing included the following:

Intensity Normalization: The Hounsfield Unit (HU) values in each CT image were
constrained within a range of [−1024, 3071] HU to ensure uniformity across different
imaging sources and protocols. Values outside this range were clipped, while images were
subsequently normalized to a [0, 1] scale at the end of the preprocessing pipeline.

Isotropic Voxel Resampling: The resampling process standardized the spatial resolu-
tion of each image to 1 mm3 voxel spacing. This step ensured that each voxel had isotropic
dimensions, preserving anatomical details and preventing distortions that might otherwise
affect the model’s accuracy. Bilinear interpolation was selected as the resampling method,
achieving a balance between image quality and computational efficiency and ensuring
consistent resolution across all images.

Thresholding: A thresholding method was applied to distinguish the internal back-
ground (thoracic cage) and lung areas from other anatomical structures. This technique
involved converting images to a binary format by defining a specific HU range that clas-
sified pixels as either belonging to lung regions or not. Non-relevant areas outside the
thoracic region were removed, producing a mask that effectively isolated the chest region.

Specifically, a preliminary thoracic mask was created by applying a HU range threshold
of [−200, 3000] to filter out non-thoracic structures. This mask was used to generate a rough
mask of the lungs. Then, the lung mask underwent morphological operations, including
erosion with a circular kernel (radius 3 pixels) and dilation with a circular kernel (radius
3 pixels), followed by edge cleaning to remove disconnected regions.

Bed Removal: The presence of the patient’s bed in CT images introduced extraneous
artifacts that could interfere with segmentation accuracy. These artifacts were removed
using connected component analysis (CCA), ensuring that segmentation focused solely
on anatomical features relevant to lung analysis and reducing the influence of unrelated
elements [26].

Image Cropping to the Thoracic Region: Images were cropped to focus on the thoracic
region, excluding background areas that could potentially confuse the neural network
during segmentation. This step concentrated the model’s attention on the area of interest
while reducing computational complexity by narrowing the region analyzed.

Contrast Enhancement using CLAHE (Contrast-Limited Adaptive Histogram Equal-
ization): To improve the visibility of finer anatomical details, CLAHE was applied. This
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technique divided each image into smaller regions, performing histogram equalization
within each area to enhance contrast without excessively amplifying noise. CLAHE was es-
sential for accentuating lung boundaries, which in turn increased the model’s effectiveness
in delineating structures with high precision [27].

These preprocessing steps were essential in preparing consistent, high-quality images
for segmentation. By removing artifacts, standardizing intensity and enhancing contrast,
this preprocessing pipeline ensured that each image was optimized for accurate and reliable
segmentation by the neural network.

2.2. Lung Segmentation Using Deep Learning and Transfer Learning

This study focuses on developing an automated lung segmentation system using ad-
vanced deep learning techniques, particularly transfer learning. DeepLabV3+ was selected
for lung segmentation due to its advanced encoder–decoder architecture, which effectively
balances the need for both high spatial accuracy and contextual understanding in semantic
segmentation tasks. As an extension of DeepLabV3, it incorporates an encoder based on a
modified Xception model, which uses dilated convolutions to capture hierarchical features
at multiple levels of granularity without losing resolution. This allows the model to handle
the intricate structural details of lung tissue, crucial for distinguishing between healthy
regions and pathologies. A central component in the encoder is the Atrous Spatial Pyramid
Pooling (ASPP) module, which aggregates information from multiple spatial scales using
atrous (dilated) convolutions. This structure, shown in Figure 1, enhances the model’s
capacity to capture both fine details and broader contextual information, addressing the
challenge of variability and heterogeneity in lung tissue representation. Such multi-scale
context aggregation is critical in medical imaging, where the model must balance localized
details with an overall understanding of lung anatomy [25]. The decoder in DeepLabV3+
refines spatial resolution, particularly around object boundaries, which is essential for
medical applications where precision at boundaries impacts clinical decisions. This refine-
ment is achieved by fusing features from multiple resolutions, which combines detailed
information from the encoder with convolutional layers specifically tuned for edge clarity.
As a result, the model achieves higher segmentation accuracy around complex areas, such
as tumor boundaries and lung contours. Moreover, DeepLabV3+ offers several advantages
for this task.
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Figure 1. Semantic segmentation architecture of pretrained deeplabv3+.

Adaptability to Medical Data: The architecture’s ability to capture and retain both
local and global features makes it ideal for lung segmentation, where structures are diverse
and irregular.
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Efficiency with Limited Data: By leveraging transfer learning on pre-trained
DeepLabV3+ models, the approach maximizes performance even with smaller labeled
datasets, making it practical for clinical applications where data are limited.

Edge Detection and Precision: The combination of ASPP and resolution-preserving
convolutions improves edge accuracy, crucial for precise segmentation in complex anatomi-
cal regions.

Improved Robustness through Custom Preprocessing: To enhance generalization
and robustness, this study incorporates preprocessing techniques, such as intensity nor-
malization and augmentation, ensuring the model’s resilience to variability in clinical
imaging data.

In summary, DeepLabV3+ is well suited to the demands of lung segmentation, offering
an optimized solution for capturing detailed, boundary-aware features necessary in clinical
contexts. This approach not only improves segmentation accuracy but also supports reliable
outcomes that are crucial in lung pathology analysis.

Modification for Specific Tasks: The model is adapted to classify and segment three
specific classes: external background, chest (internal background) and lung districts (areas
of interest including lungs and cancer together). The modifications are implemented using
the Deep Network Designer tool in MATLAB.

2.3. Experimental Setup

The experimental setup included an Intel Core i5 13600KF CPU, a Nvidia GeForce
RTX 3070 (8 GB) GPU, 64 GB DDR4 RAM and a B660I AORUS PRO DDR4 Motherboard.
MATLAB R2024a was used to develop our preprocessing, training, validation and testing
pipelines. SGDM was used as optimizer with a momentum equal to 0.9, mini batch size
was set to 8, the Initial Learning Rate was set to 0.001 and L2 Regularization was set to
0.005; the training lasted 5820 iterations. The adopted rationale for dataset division is 60%
training, 20% validation and 20% testing, which allows for a substantial amount of data for
model training, validation and testing, as already used in [28,29]. The dataset division was
based on patients and not on images.

2.4. Loss Function and Evaluation Metrics

To evaluate and optimize the performance of the segmentation model, several metrics
and functions are employed.

Loss Function: the loss function used is the Weighted Cross Entropy, which quanti-
fies the discrepancy between the predicted and true class distributions. This function is
particularly useful in scenarios with class imbalance. The formula is defined as follows:

L(Ytrue, Ypred) = −((w1·Ytrue·log(Ypred) + w0·(1 − Ytrue)·log(1 − Ypred)) (1)

where Ytrue and Ypred are, respectively, the true and the predicted value; w0 and w1 are the
weights that change during the iterations to minimize the loss function.

Evaluation Metrics: Accuracy measures the proportion of correct predictions relative
to the total number of predictions. It is calculated as follows:

Accuracy =
Number o f correct predictions
Total number o f predictions

(2)

Dice Coefficient: evaluates the similarity between two sets, typically used to assess
the overlap between the predicted segmentation and the ground truth. The Dice coefficient
is calculated as follows:

DICE =
2×|A ∩ B|
|A|+|B| (3)

where A and B are the predicted and true segmentations, respectively. An index of 1
indicates perfect overlap, while an index of 0 indicates no overlap.
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Jaccard Index: complementary to the Dice coefficient, gives a stringent assessment of
overlap between predicted and true segmentations and is calculated as follows:

J(A, B) =
|A ∩ B|
|A|

⋃
|B| (4)

BF Score: indicates how well the predicted boundary of each class aligns with the true
boundary and is calculated as follows:

BF Score =
2 × Precision × Recall

Precision + Recall
(5)

and results in a balanced measure of precision and recall.

2.5. Dataset Introduction

The dataset utilized in this study, the “non-small cell lung cancer” (NSCLC-Radiomics)
collection [30], sourced from the Cancer Imaging Archive, is critical for evaluating the
effectiveness of the proposed methodology for automated lung segmentation. It consists
of a representative collection of chest CT images from patients diagnosed with various
pulmonary conditions, with a focus on NSCLC. The dataset, sourced from the “non-small
cell lung cancer” (NSCLC-Radiomics) collection, includes DICOM images and comprises
422 patients whose diagnoses were confirmed through biopsy.

3. Results

This section presents the outcomes of both the image preprocessing steps and the au-
tomated lung segmentation process. The preprocessing pipeline, which included intensity
normalization, spatial resampling and contrast enhancement, successfully standardized
the imaging data, ensuring consistency across different scans and improving the overall
image quality. These steps were crucial in facilitating more accurate feature extraction and
model performance.

For the lung segmentation task, the DeepLabV3Plus model demonstrated strong per-
formance, accurately distinguishing lung regions from surrounding structures. Evaluation
metrics, including accuracy and the Dice coefficient, showed a high degree of overlap
between the predicted segmentations and the ground truth provided by expert radiologists,
confirming the reliability of the proposed method. The following sections provide a more
detailed analysis of these results.

3.1. Dataset

Each patient is associated with a CT scan volume at a resolution of 512 × 512 pixels,
resulting in a total of 47,919 individual chest CT images, as seen in Table 1.

Table 1. Description of dataset.

Site Patients Type of Cancer Images Resolution [Pixel]

Lungs 422 Non-Small cells 47,919 512 × 512

Additionally, its reliance on standard CT imaging ensures compatibility with clinical
practice, facilitating the application of findings in real-world clinical decision making.
This dataset also enables high-throughput radiomic analysis essential for the non-invasive
assessment of intratumor heterogeneity, a key factor in identifying prognostic biomarkers
and advancing personalized medicine.

The 2D images obtained from the dataset, from the volumes of CT scans, are divided to
enable and organize the model building and development phases—training, validation and
testing. Sixty percent of the images will be used only in the training phase, the remainder
will be divided into a first part, i.e., twenty percent for the validation phase only and the
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remaining part, i.e., twenty percent, will be used for testing the capabilities and skills
acquired by the neural network. Therefore, 29,187 images, 9312 images and 9420 images
were used for training, validation and testing, as seen in Table 2.

Table 2. Division of 2D images belonging to the dataset.

Total 2D Images Training Validation Test

47,919 29,187 9312 9420

3.2. Preprocessing Results

Figure 2 provides an example of the images used in this study. A slice from a CT
volume in the dataset was selected as the reference image to illustrate the preprocessing
steps. The figure highlights the key stages of preprocessing, showcasing how the raw data
are systematically transformed to ensure consistency and improve the quality of input for
the model. These steps are crucial to enhance the accuracy and robustness of the subsequent
segmentation process by addressing variability in image quality and resolution.
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The preprocessing of CT images was a crucial step to ensure that the images were
standardized and optimized for further analysis; the main steps included the following:

Isotropic Voxel Resampling: Standardizing resolution to 1mm 3 voxel spacing ensured
consistent image scaling and preserved anatomical details, allowing the model to process
each image without distortions (Figure 2b).

Thresholding: This method effectively differentiated lung regions from other anatomi-
cal structures, reducing the influence of non-relevant areas on thoracic analysis and provid-
ing an accurate chest mask (Figure 2c).

Patient Bed Removal: Eliminating the bed artifact prevented extraneous elements from
interfering with segmentation, thereby increasing the precision of segmented boundaries
(Figure 2d).
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Cropping to the Thoracic Region: Focusing on the thoracic area improved the neural
network’s ability to concentrate on relevant areas, reduced computational complexity and
enhanced segmentation effectiveness (Figure 2e).

CLAHE (Contrast Limited Adaptive Histogram Equalization): By enhancing image
contrast, this step increased the visibility of fine anatomical details, leading to more accurate
segmentation of lung boundaries (Figure 2f).

These steps contributed to improving the quality of the images provided to the neural
network, ensuring that the data were consistent and ready for segmentation analysis.
Enhancing contrast and removing artifacts facilitated the accuracy and reliability of the
segmentation process.

3.3. Segmentation Results

The automatic segmentation of CT images was carried out using the DeepLabV3Plus
model, with modifications to classify three categories: lungs, thoracic cage and external
background. The model achieved excellent performance in terms of both accuracy and
overlap compared to expert manual segmentations.

Evaluation Metrics

The model achieved a Dice index of 0.97 for whole lung district segmentation and
0.99 for the thoracic cage, indicating an almost perfect overlap between the automatic and
manual segmentations.

The overall accuracy of the model was 97.56% for the whole lung district segmentation
and 98.75% for the thoracic cage, demonstrating the effectiveness of the deep learning
approach.

The model achieved a Jaccard index of 93.97% for the whole lung district segmentation,
indicating a very good overlap between the automatic and manual segmentations.

BF Score was 93.06% for the whole lung district segmentation, demonstrating the
effectiveness of the model.

The segmented images showed excellent distinction between lungs, thoracic cage
and external background. In particular, the model’s ability to accurately identify lung
boundaries was optimized using preprocessing techniques, as seen in Figure 3. Moreover,
in Figure 4, there is an example of images before the pipeline and after the application of
the automated whole lung district segmentation. From the Figure, it is evident that the
heart and the spine were completely removed.
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3.4. Final Considerations on Segmentation

The results demonstrate that the use of transfer learning applied to the DeepLabV3Plus
network can provide highly accurate segmentations in a clinical context. This approach has
overcome the limitations of traditional methods, particularly in terms of reproducibility and
speed, significantly reducing segmentation time and ensuring greater consistency across
different imaging sessions. Integrating deep learning into the radiomic workflow can
therefore not only improve diagnostic accuracy but also enhance the overall efficiency of
clinical processes, allowing for faster and more precise management of medical information.

4. Discussion

The results of this research highlight the effectiveness of the proposed framework
for automatic lung segmentation from CT images, integrating radiomic techniques with
advanced deep learning models. The implementation of the DeepLabV3+ model, chosen
for its key strengths, combined with transfer learning, has addressed many limitations
traditionally associated with manual or semi-automatic segmentation methods, ensuring
greater precision and reliability. The choice of DeepLabV3+ is particularly justified by
its key strengths. Pyramid Spatial Architecture: this feature allows the model to capture
anatomical structures at multiple scales, crucial for accurately segmenting complex lung
anatomy. Contextual Awareness: the model effectively maintains the global context during
segmentation, enhancing accuracy in areas with intricate details. Versatility: DeepLabV3+
adapts well to various imaging tasks, making it suitable for broader clinical applications
beyond lung segmentation. Robustness to Noise: its design improves segmentation quality,
even in images affected by noise and artifacts. The high performance achieved, in terms
of both the Dice index and overall accuracy, demonstrates the robustness of the adopted
approach. Average Dice values exceeding 0.97 indicate an almost perfect overlap between
the automatic segmentation and that performed manually by expert radiologists. This
accuracy, along with reduced processing time, lays a strong foundation for integrating these
tools into clinical settings, enhancing both the speed and consistency of results. Moreover, as
shown in Figure 4, it is evident that the automated pipeline effectively segmented the whole
lung districts comprising the lungs and the cancer and removed potentially confounding
anatomical structure such as the spine and the heart. A key aspect emerging from this
research is the importance of image preprocessing. Techniques such as isotropic voxel
resampling and Contrast-Limited Adaptive Histogram Equalization (CLAHE) improved
image quality, enhancing the visibility of anatomical details and facilitating the deep
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learning model’s segmentation task. This positively impacted prediction quality, reducing
errors caused by noise or artifacts in the original images. The integration of transfer learning
played a crucial role in optimizing model performance by adapting pre-trained weights
to a new radiomic dataset. This significantly reduced the need for extensive annotated
data during training without compromising the model’s ability to generalize effectively
to new data, proving advantageous when dealing with smaller datasets. The use of deep
learning techniques for image segmentation has been widely validated across various
fields of medical imaging. For example, ref. [31] applied convolutional neural networks
(CNNs), particularly U-net-based architectures, for fully automatic segmentation of the
head and neck, achieving encouraging early results with Dice scores ranging from 0.70
to 0.78. This progress has driven research and strategies aimed at further improving
results, such as modifications to the loss function to recalibrate the neural network [32]. The
evolution of these methodologies has also extended to specific applications, including lesion
segmentation and classification tasks, where continuous advancements have emerged
due to the development of convolutional networks and increasingly precise algorithms.
For instance, segmentation and classification of mandibular lesions using U-Net yielded
promising Dice scores of 87.2% [33], while liver lesion segmentation and volume estimation
reported Dice scores as high as 0.97 [34]. These results highlight the growing precision
of segmentation techniques across different anatomical structures. Focusing specifically
on lung segmentation, several studies have shown promising results using deep learning
models. For instance, ref. [35] achieved a Dice coefficient of 0.967 using a U-Net-based
architecture for lung segmentation on MRI images. Similarly, ref. [36] implemented an
automatic segmentation model for lung images, achieving a Dice similarity coefficient of
89.42 with significant improvements in processing time. In the case of U-Net++, the same
article discusses enhanced lung image segmentation using deep learning, achieving an
accuracy above 98% and a Dice similarity coefficient of 0.95. Although results were lower
compared to what we obtained, a straightforward comparison cannot be carried on, since
the focus of our research is to segment the whole lung district (comprising the lungs and
the cancer) and not only the lungs.

Moreover, this research tries to address a current issue in lung cancer, and the choice
of this specific NSCLC dataset was informed by several criteria closely aligned with the
research objectives. Lung cancer exhibits one of the highest rates of incidence and mortality
globally, making it a critical area of study. Specifically, as noted in the introduction, 80–85%
of lung cancer cases are NSCLC, justifying the focus on this cancer type and the pulmonary
anatomical region. The dataset’s large sample size provides a robust basis for analyzing
tumor phenotypes, capturing diverse characteristics like intensity, shape and texture.

Furthermore, patient-based dataset splitting, even if the analysis was carried in 2D
form, eliminates the possibility to have correlated images in training, validation and
datasets, thus enhancing the robustness of the pipeline.

Despite these excellent results, challenges remain. Extending the methodology to
larger, more diverse datasets and different clinical contexts requires further validation. Inter-
observer variability in manual annotations presents another critical area, as differences
in reference labels can affect model performance. Finally, segmenting more complex
anatomical structures or irregularly shaped tumors will necessitate developing advanced
methodologies, potentially including multi-modal approaches that integrate images from
multiple diagnostic sources. In conclusion, our research makes a significant contribution
to the field of precision medicine, demonstrating how deep learning technologies for
automatic segmentation can enhance the diagnosis and treatment of lung cancer. The solid
methodological foundation and the results obtained pave the way for further developments,
with potential clinical applications extending to various pathologies and anatomical regions.

5. Conclusions

This paper focused on developing and applying an automatic deep learning net-
work for segmenting whole lung districts. Leveraging a robust pipeline, articulated in
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patient-based dataset splitting, intensity normalization, voxel resampling, bed removal,
contrast enhancement and deep learning through DeepLabV3+ net, promising results were
achieved (Dice = 0.97, Accuracy = 97.56%, Jaccard Index = 93.97%, BF Score = 93.06%).
The development of this framework is beneficial for lung cancer segmentation, since it
preserves only the relevant information in the image, discarding potential confounding
anatomical structures, such as the heart and the spine. As a future development, the
framework should be completed by adding another net in the cascade and performing
lung cancer segmentation on preprocessed images, thus allowing for consistent results for
radiomics analysis.
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