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Lung cancer remains one of the leading causes of cancer-related mortality worldwide, often due to late-
stage diagnosis and the complexity of tumor localization in thoracic imaging. Accurate and automated
segmentation of lung tumors from PET/CT images is essential for early diagnosis, treatment planning, and
outcome monitoring. Manual segmentation is time-consuming and prone to observer variability, underscoring
the need for reliable deep learning-based solutions. This study proposes an automated lung tumor segmentation
framework using the SegNet architecture, a deep encoder-decoder convolutional neural network. A dataset of
1, 425PET/CT images, manually annotated by expert radiologists, was utilized. Data augmentation techniques
were applied to improve generalization. SegNet was trained to perform pixel-wise binary classification,
and its performance was benchmarked against the widely used U-Net model. Evaluation metrics included
Accuracy, Recall, Dice coefficient, and Intersection over Union (IoU).The proposed SegNet model achieved strong
segmentation performance across independent experiments. Average results were: Accuracy of 92.24% ± 1.42,
Recall of 94.02% ± 1.287, Dice coefficient of 93.47% ± 1.4, and IoU of 93.03% ± 1.2. Compared to U-Net (Dice:
92.18% ± 1.081, IoU: 91.70% ± 1.287 ), SegNet demonstrated improved spatial boundary accuracy, particularly
for tumors located near complex anatomical structures. Statistical tests confirmed the significance of the
performance difference ( p < 0.05 ). The SegNet-based model provides accurate and robust segmentation
of lung tumors in PET/CT images, outperforming U-Net under the same conditions. Its use of max-pooling
indices enhances spatial precision, making it well-suited for clinical applications. Future work will explore
3D extensions, multi-class segmentation, and multi-center validation to enhance its applicability in real-world
diagnostic workflows.
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1. Introduction

Lung cancer remains one of the most prevalent and deadly
malignancies worldwide, with an alarming rise in inci-
dence and mortality. According to the Global Cancer Ob-
servatory, it accounts for approximately 1.8 million deaths
annually, making early detection and precise localization

of tumors critical for improving patient prognosis and sur-
vival rates [1, 2]. The low five-year survival rate-often
below 20%-is largely due to delayed diagnosis and the
inherent complexity in distinguishing lung tumors from
surrounding thoracic structures in imaging modalities [3].
Effective segmentation of lung tumors is thus a crucial step
in enabling timely therapeutic intervention and accurate
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radiation therapy planning [4].

Positron emission tomography (PET) and computed
tomography (CT) are routinely used in combination
(PET/CT) to assess lung lesions. PET provides functional
information, capturing metabolic activity through radio-
tracer uptake, while CT contributes anatomical detail with
high spatial resolution [5, 6]. Although PET imaging fa-
cilitates the detection of hypermetabolic cancerous tissues,
it suffers from limitations such as poor spatial resolution
and motion artifacts. CT images, on the other hand, of-
fer enhanced structural resolution but often fail to clearly
distinguish tumors when adjacent tissues have similar in-
tensities. This complementary nature of PET and CT un-
derscores the importance of leveraging both modalities for
improved diagnostic accuracy and tumor segmentation.

In clinical practice, PET/CT is widely used for staging,
treatment planning, and monitoring response to therapy in
lung cancer patients. However, differences in scanner mod-
els, acquisition protocols, and reconstruction algorithms
may lead to heterogeneous image quality. These varia-
tions introduce challenges for automated segmentation,
as changes in spatial resolution, noise levels, and tracer
uptake can affect tumor delineation accuracy and repro-
ducibility. Addressing these challenges motivates the de-
velopment of robust algorithms capable of generalizing
across diverse clinical scenarios [7–10]. Consequently, deep
learning methods, particularly convolutional neural net-
works (CNNs), have emerged as powerful tools for medical
image segmentation.

Among CNN-based architectures, encoder-decoder net-
works such as U-Net and SegNet have gained considerable
attention for their ability to perform pixel-wise classifica-
tion with high precision [11–13]. U-Net utilizes skip connec-
tions between corresponding encoder and decoder layers
to preserve spatial information and enhance fine bound-
ary detection. SegNet, derived from the VGG16 model,
retains max-pooling indices from the encoder to guide the
decoder in upsampling, which enhances edge localization
and spatial coherence [14]. Both architectures have been
successfully applied in various medical imaging tasks, in-
cluding brain, prostate, and lung tumor segmentation.

However, challenges remain. Variability in tumor shape,
size, and position across patients, as well as imaging arti-
facts and heterogeneity in datasets, necessitate robust and
generalizable models. Data scarcity, particularly in anno-
tated PET/CT datasets, further complicates training deep
networks from scratch. To address these challenges, data
augmentation techniques and optimized hyperparameter
tuning have been widely employed [15, 16]. The goal is
to improve generalization, reduce overfitting, and enable

the model to learn invariant features across variations in
orientation, intensity, and morphology.

This study presents a deep learning-based approach us-
ing the SegNet architecture for automated segmentation of
lung tumors in PET/CT images. Our contributions include
(1) the development of a fully automated segmentation
pipeline tailored for hybrid PET/CT data, (2) performance
evaluation across a large, expert-annotated dataset con-
sisting of 1,425 images, and (3) comparative analysis with
the U-Net model to assess the robustness and accuracy
of the proposed approach. We demonstrate that SegNet
achieves high segmentation quality as quantified by stan-
dard metrics including Accuracy, Recall, Dice Coefficient,
and Intersection over Union (IoU), and offers significant ad-
vantages for clinical deployment in lung cancer diagnosis
and treatment planning [17–19].

The remainder of this paper is organized as follows. Sec-
tion 2 provides a detailed description of the dataset, data
augmentation strategies, and the preprocessing pipeline.
This section also outlines the proposed SegNet architec-
ture, the segmentation methodology, training procedures,
and performance evaluation metrics. Section 3 presents the
experimental results, including both quantitative and qual-
itative assessments, as well as comparative analysis with
the U-Net model. In Section 4, we offer a critical discussion
of the findings, contextualize them within the existing lit-
erature, and address potential limitations. Finally, Section
6 concludes the study and highlights directions for future
research and clinical application.

2. Materials and methods

2.1. Dataset and Image Acquisition

The dataset utilized in this study consists of PET/CT im-
ages acquired from the Cancer Imaging Archive [20]. A
total of 956 PET/CT image slices were initially collected,
each annotated with a ground truth segmentation mask
prepared and validated by two senior radiologists (figure
1). These annotations served as the reference standard for
evaluating the accuracy of the segmentation models. The
PET/CT images had an in-plane resolution of 512 × 512
pixels with voxel sizes ranging from 0.97 − 1.25 mm. Slice
thickness varied between 3 − 5 mm depending on acqui-
sition protocol. The dataset included a heterogeneous dis-
tribution of tumor types, from small nodules ( < 1 cm ) to
large masses ( > 5 cm ), with lesions located both centrally
and peripherally. This diversity was essential to enhance
the model’s generalization ability across different anatomi-
cal contexts.

To expand the dataset and improve the learning capacity
of the deep neural networks, a data augmentation strategy
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Fig. 1. Example of the used dataset.

was applied, increasing the total number of annotated im-
ages to 1,425. Each image reflects a cross-sectional view of
the thorax, containing one or more lung lesions of varying
size, shape, and intensity.

The dataset was randomly partitioned into three sub-
sets to support supervised training, validation, and testing.
The training set consisted of 70% of the total images, while
the validation and test sets each contained 15%. Patient
ages ranged from 28 to 74 years, with a median age of
52. All included patients had confirmed diagnoses of lung
cancer and underwent PET/CT imaging for diagnostic or
treatment planning purposes. Each image maintained a
standardized resolution, and preprocessing ensured consis-
tent image dimensions and intensity normalization across
the dataset.

2.2. Data Augmentation Strategy

Given the relatively modest size of the initial dataset and
the high variability of tumor appearances, data augmenta-
tion was employed to enhance the diversity of the training
samples and reduce the risk of overfitting. Augmentation
techniques included random rotations (±15◦), horizon-
tal/vertical flips ( 50% probability), translations (up to 10%
of image size), and scaling ( 0.9 − 1.1 range). [21]. These
transformations preserved the anatomical correctness of

the lung structures while introducing sufficient variability
for robust model training.

The augmentation was performed dynamically during
training, meaning that different augmented versions of
each image were generated at each training epoch. This
process enabled the model to encounter a wide variety of
tumor presentations and contexts, thereby improving its
ability to generalize to unseen data. Only linear geomet-
ric transformations were used to ensure the augmented
images remained anatomically plausible and clinically in-
terpretable. Through this strategy, the effective size of the
training set increased several fold, providing the model
with an enriched learning environment.

2.3. Image Preprocessing and Tumor Localization

The first step in the segmentation pipeline involved isolat-
ing the lung region from surrounding thoracic structures to
reduce noise and focus the analysis. Given the similarity in
intensity values between tumors and adjacent tissues (e.g.,
mediastinum, diaphragm, or chest wall), this localization
step was critical to minimize false detections. The original
CT images were processed using histogram equalization
to normalize intensity distributions and improve contrast
between lung parenchyma and non-lung tissues [22].

Morphological operations, such as dilation and erosion,
were used to refine the lung mask and eliminate spurious
regions. The centroid of the largest connected component
in the lung mask was computed to serve as a seed for fur-
ther processing. Once the lung fields were segmented, the
region of interest (ROI) was cropped and fed into the deep
learning segmentation models for tumor delineation. This
preliminary localization reduced computational complexity
and enhanced the accuracy of the subsequent segmentation
step.

2.4. SegNet Architecture for Tumor Segmentation

The core of the proposed method is a convolutional neural
network based on the SegNet architecture, which is specif-
ically designed for semantic segmentation tasks [23, 24].
SegNet is an encoder-decoder architecture that processes
the input image at the pixel level, allowing for precise de-
lineation of complex structures such as tumors in medical
images. The encoder in SegNet mirrors the architecture
of the VGG16 network, consisting of a series of convolu-
tional layers followed by batch normalization and rectified
linear unit (ReLU) activation functions. After every few
convolutional blocks, a max-pooling operation is applied
to reduce spatial resolution and extract abstract feature
representations (figure 2).

A unique feature of SegNet lies in its decoder structure.
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Fig. 2. Seg-Net model.

Unlike traditional architectures that use transposed convo-
lutions or interpolation alone, SegNet decoders rely on the
pooling indices obtained during the encoder’s max-pooling
operations. These indices are stored and later reused dur-
ing the upsampling phase to restore the spatial dimensions
of the feature maps. This strategy enables more accurate
localization of features and reduces ambiguity in boundary
reconstruction-an essential requirement for medical image
segmentation where precision is critical.

The decoder performs upsampling by placing the maxi-
mal activation values at the locations specified by the en-
coder’s pooling indices. This is followed by convolutional
and batch normalization layers, progressively reconstruct-
ing the spatial structure of the image. The final layer of
SegNet includes a sigmoid activation function that maps
the feature maps to a binary segmentation mask, classify-
ing each pixel as tumor or background. The architecture
ensures that spatial detail is preserved during upsampling,
which is particularly important when segmenting small or
irregularly shaped lesions.

In this study, the SegNet model was modified to accept
PET/CT inputs and trained to output binary segmenta-
tion masks matching the expert annotations. Each input
image and its corresponding output mask had identical di-
mensions to facilitate direct pixel-wise comparison during
training and evaluation.

2.5. Model Training and Hyperparameter Configuration

To train the SegNet model, we used a supervised learning
approach with binary cross-entropy as the loss function,
measuring the pixel-wise discrepancy between predicted
and true segmentation masks. A linear learning rate decay

was applied, starting at 0.0005 and reducing to 0.000062
over 500 epochs. Early stopping was triggered if validation
loss did not improve for 20 consecutive epochs. The best-
performing model (lowest validation loss) was saved and
later used for testing [25].

A batch size of 4 was selected to balance memory us-
age and training stability. Weight initialization was con-
ducted using a Gaussian distribution (mean 0 , standard
deviation 0.01 ), and a learning rate decay schedule was
implemented to gradually reduce the learning rate during
training. Dropout layers were inserted after the deeper con-
volutional blocks to improve generalization, with a dropout
rate of 0.3 for SegNet (Table 1 and 2).

For comparative purposes, a U-Net model was also
trained using the same dataset and preprocessing pipeline.
U-Net employs skip connections to transfer spatial infor-
mation directly from the encoder to the decoder, enhancing
performance in small lesion detection. The same hyper-
parameter settings were used to ensure a fair comparison
between the two architectures [26].

2.6. Evaluation Metrics and Statistical Analysis

The performance of the segmentation models was evalu-
ated using four standard quantitative metrics widely used
in medical image segmentation: Accuracy, Recall, Dice Sim-
ilarity Coefficient (DSC), and Intersection over Union (IoU)
[27]. Accuracy measures the proportion of correctly classi-
fied pixels, while Recall (sensitivity) quantifies the ability
to correctly identify tumor pixels. The Dice coefficient as-
sesses the overlap between predicted and ground truth
masks, and IoU evaluates the ratio of intersection to union
between the predicted and true segmentation regions.

These metrics were calculated for each test image, and
mean values were reported across multiple experimental
runs. To assess statistical significance, a one-sided Mann-
Whitney U test and Student’s t-test were applied to com-
pare the predicted segmentations with ground truth masks.
A p-value threshold of 0.05 was used to determine statisti-
cal significance. All evaluations were performed using the
same test set to ensure consistency in model comparison.

3. Results and discussion

This section presents a comprehensive evaluation of the
proposed SegNet-based approach for lung tumor segmen-
tation using PET/CT images. We report both quantita-
tive and qualitative results, compare SegNet with the well-
established U-Net architecture, and assess statistical signifi-
cance through rigorous analysis. Each subsection provides
insights into the model’s performance in terms of segmen-
tation accuracy, learning behavior, visual segmentation
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Table 1. Optimum results according to the used hyper-parameters via Seg-Net and U-Net models

Method
Data aug-
mentation

Learning
rate

Momen-
tum rate

Batch
size

Weight
initialization

Training
methods

Learning rate
decay

Dropout
rates

Seg-Net Linear 0.0005 0.99 4 Normal SGD
Linear

(0.000062)
0.30

U-Net Linear 0.0005 0.99 4 Normal SGD
Linear

(0.000062)
0.10

Table 2. Tested hyper-parameters

Hyper-parameters Data Learning rate Batch size Momentum rate Weight Training methods
Tests L nL 0.5 0.05 0.005 0.0005 2 4 8 16 32 0.8 0.9 0.99 N U GU RMS A Ag SGD

*Linear "L", No-linear "nL", Normal "N", uniform "U", Glorot uniform "GU", RMSprop "RMS", Adam "A", Adagrad "A", Stochastic gradient
descent "SGD"

quality, and comparative assessment.

3.1. Quantitative Evaluation of SegNet Performance

To evaluate the segmentation performance of the proposed
SegNet architecture, we conducted four independent ex-
periments on different test splits of the dataset. Each ex-
periment involved training the model from scratch using
the training and validation sets, and testing it on a separate
subset of 214 PET/CT images. The evaluation metrics in-
cluded Accuracy, Recall, Dice coefficient, and Intersection
over Union (IoU), which are widely used to assess medical
image segmentation quality.

Experiments showed that including augmentation im-
proved the Dice coefficient from 91.2% (without augmen-
tation) to 93.47% ± 1.4(95%CI : 92.788%, 94.152%) (with
augmentation), confirming its role in enhancing general-
ization. On the other hand, the average across all trials
was 92.24% ± 1.42 ( 95% CI: 91.55%, 92.92% ) for accuracy,
94.02% ± 1.287 ( 95% CI: 93.405%, 94.641% ) for recall, and
93.03% ± 1.2 ( 95% CI: 92.412%, 93.648% ) for IoU, and
93.2% ± 0.971 ( 95% CI: 92.776%, 93.708% ) for F1 score.
These results demonstrate the robustness and high preci-
sion of the SegNet model in segmenting lung tumors across
various patient cases and tumor morphologies.

3.2. Learning Behavior and Loss Convergence

During the training process, the SegNet model exhibited
stable convergence behavior. The binary cross-entropy loss
function was minimized progressively over 500 epochs.
The final loss value for SegNet was approximately 0.048 ,
indicating a strong agreement between predicted segmen-
tation masks and ground truth labels. Although the U-Net
model reached a slightly lower loss of 0.032 , this did not
translate into superior segmentation quality, as discussed

in the following sections.
This observation highlights an important point: a lower

training loss does not necessarily imply better generaliza-
tion or superior spatial accuracy in the segmentation out-
puts, especially in complex clinical data such as PET/CT
lung imaging.

3.3. Qualitative Evaluation and Visual Segmentation Ac-
curacy

In addition to the numerical metrics, we performed a qual-
itative evaluation of the segmentation results. Represen-
tative samples of segmentation outputs produced by both
SegNet and U-Net are presented in Figure 3. For each sam-
ple, the original PET/CT image, the ground truth mask,
and the segmentation results of both models are shown for
visual comparison.

Visual inspection revealed that SegNet consistently pro-
duced smoother and more anatomically accurate segmen-
tation contours [28]. The use of pooling indices during
the decoder upsampling process helped preserve spatial
information, allowing the model to delineate even small
and irregular tumor boundaries. This was particularly ev-
ident in cases where tumors were located near complex
anatomical structures, such as the diaphragm or chest wall.

In contrast, U-Net occasionally produced over-
segmented or under-segmented regions, especially in cases
where tumor contrast was low or when the tumor was ad-
jacent to non-lung tissues. These limitations suggest that
while U-Net is powerful, SegNet’s pooling-based upsam-
pling provides a notable advantage in preserving shape
consistency and structural detail.

SegNet achieved consistent delineation for both small
nodules and large heterogeneous masses. Its advantage
was particularly notable for peripheral lesions near the
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Fig. 3. Objective segmentation performance achieved with
Seg-Net and U-Net architectures.

chest wall, where U-Net often failed. From a clinical per-
spective, accurate segmentation of small or irregular tu-
mors is essential for radiotherapy planning, ensuring pre-
cise target definition and sparing healthy tissue.

3.4. Comparative Analysis with U-Net Architecture

To benchmark the performance of the proposed SegNet
model, a direct comparison was made with the U-Net ar-
chitecture under identical preprocessing, training, and eval-
uation conditions. The average Dice coefficient for U-Net
was 92.18% ± 1.081 ( 95% CI: 91.671%, 92.709% ), and its
IoU averaged 91.70% ± 1.287 ( 95% CI: 91.082%, 92.318% ).
Although these scores are competitive, they remain slightly
lower than those achieved by SegNet (Dice: 93.47% ±
1.4(95% CI: 92.788%, 94.152%), IoU: 93.03% ± 1.2(95% CI:
92.412%, 93.648%)).

Figure 4 presents the comparative results between Seg-
Net and U-Net across all evaluated metrics. SegNet out-
performed U-Net in recall and Dice similarity, which are
particularly important for medical applications where miss-
ing tumor pixels (false negatives) must be minimized [29].

3.5. Statistical Analysis

To assess whether the differences in performance between
the two models were statistically significant, we applied
the Mann-Whitney U test and the Student’s t-test to the
Dice and IoU values. For each metric, the null hypothesis

Fig. 4. Comparison of average performance between
Seg-Net and U-Net.

assumed no difference between SegNet and U-Net. The
SegNet model achieved statistically significant improve-
ments over U-Net, with p -values below the 0.05 threshold
in both tests [30].

For Dice coefficient comparison, the Mann-Whitney Ut
test yielded a p-value of 0.001, indicating that the SegNet
model produced results closer to the ground truth segmen-
tations than U-Net. Similarly, IoU comparisons resulted
in a p -value < 0.001. These findings confirm the superior
performance of the proposed method and validate its clin-
ical reliability in segmenting lung tumors from PET/CT
images.

In summary, the proposed SegNet-based segmenta-
tion approach demonstrated consistent and reliable per-
formance across multiple test scenarios. Its use of pool-
ing indices in the decoder enhanced boundary accuracy,
enabling superior delineation of lung tumor regions com-
pared to the U-Net baseline. Quantitative results confirmed
high levels of recall and overlap, and statistical tests vali-
dated the significance of the improvements. These results
strongly support the applicability of SegNet for accurate
and robust segmentation of lung tumors in clinical PET/CT
imaging workflows [31].

The purpose of this study was to develop and evalu-
ate an automated segmentation method for lung tumors in
PET/CT images using a deep convolutional neural network
based on the SegNet architecture. Lung cancer remains one
of the most aggressive and fatal malignancies worldwide,
often diagnosed at advanced stages due to the limitations
of early detection strategies. Imaging technologies, particu-
larly PET and CT, play a crucial role in the diagnostic and
treatment planning pipeline. However, manual segmen-
tation of tumors remains subjective, time-consuming, and
prone to inter-observer variability. Therefore, the develop-
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ment of reliable computer-aided segmentation tools is of
considerable clinical importance.

In this study, we propose a segmentation framework
based on the SegNet architecture, which demonstrates
strong performance in accurately delineating lung tumors.
The segmentation quality was assessed using standard
metrics-Accuracy, Recall, Dice coefficient, and IoU across
four distinct experiments. The mean results (Accuracy:
92.24% ± 1.42, Recall: 94.02% ± 1.287, Dice: 93.47% ± 1.4,
IoU: 93.03% ± 1.2 ) highlight the high precision and ro-
bustness of our approach under various conditions. These
outcomes are consistent with, and in some cases surpass,
those reported in prior lung tumor segmentation studies
(table 3).

In the work of Kumar et al. [32], authors developed
a U-Net-based computer-aided detection (CAD) system
for lung nodule segmentation using CT images from the
LIDC-IDRI dataset. After preprocessing to isolate nodules
and their masks, they trained the model with various opti-
mizers. Their best performance, achieved using the Adam
optimizer, yielded a Dice Similarity Coefficient (DSC) of
82.05% and an IoU of 75.39%, demonstrating U-Net’s effec-
tiveness in this domain.

Based on the integration of multimodal imaging, Al-
shmrani et al. [33] proposed a fusion-based U-Net architec-
ture designed for lung tumor segmentation using PET/CT
scans.

To handle the complexity of multimodal data, they ex-
plored several fusion strategies within the U-Net frame-
work. Their hyper-dense VGG16 U-Net variant showed
the highest performance, with a Dice score of 73%, high-
lighting the benefits of multimodal fusion for improved
segmentation accuracy and early lung cancer detection.

In a related segmentation strategy, Park et al. [34] in-
troduced a two-stage U-Net model tailored for [18F]FDG
PET/CT scans. Their approach combines a 3D global U-Net
for tumor localization with a 2D regional U-Net for detailed
segmentation refinement on selected slices. Evaluated on
a large cohort of 887 patients, this two-stage method out-
performed conventional one-stage 3D U-Nets, achieving a
Dice score of 75% and demonstrating superior delineation
of tumor margins.

Finally, Zhou et al. [35] developed a multitask connected
U-Net model that incorporates complementary data from
both CT and PET modalities. Their architecture integrates
PET guidance and a tumor area detection module to bet-
ter localize lesions. Tested on four datasets, the model
achieved an average Dice coefficient of 56%, outperform-
ing several other CNN models.

Beyond the numerical improvements, one of the key

strengths of our approach lies in its consistent performance
across a wide variety of cases. PET/CT images often in-
clude tumors of varying sizes, locations, and uptake pat-
terns. The SegNet model maintained high performance
even in challenging scenarios, such as lesions adjacent to
the chest wall or mediastinum, where contrast is low, and
spatial boundaries are less well-defined. This suggests that
SegNet’s architecture is well-suited to handling the hetero-
geneous nature of clinical lung imaging data.

It is also worth noting that our comparative experi-
ments with the U-Net model highlighted interesting ar-
chitectural differences. While U-Net is renowned for its
skip connections and has become a standard in medical
image segmentation [36], our results showed that SegNet
outperformed U-Net in this specific context. The mean
Dice coefficient for U-Net was 92.18% ± 1.081, and the IoU
was 91.70% ± 1.287, both slightly lower than the values
obtained using SegNet. This supports the notion that archi-
tectural modifications-such as reusing max-pooling indices
instead of relying solely on feature concatenation-can lead
to significant gains in segmentation accuracy, particularly
in PET/CT data where spatial coherence and edge infor-
mation are crucial.

A possible explanation for SegNet’s superior perfor-
mance lies in its ability to more effectively encode spa-
tial relationships within the image. The reuse of encoder
pooling indices allows the decoder to focus on meaningful
regions, improving the delineation of tumor boundaries.
In contrast, U-Net’s concatenation-based skip connections
may result in information redundancy and occasionally
misalignment in regions of high anatomical complexity.
This finding aligns with other studies that emphasize the
benefits of preserving spatial coherence in segmentation
tasks involving organ boundaries and lesions [36–39].

Despite the encouraging results, several limitations
must be acknowledged. First, while the dataset was aug-
mented and diversified through geometric transformations,
it was still based on a single imaging center and scanner
protocol. This may limit the generalizability of the model to
datasets from other institutions with differing acquisition
parameters. A multi-institutional study involving varied
scanner types and patient demographics would provide a
more comprehensive evaluation of the model’s robustness.

Second, the study focused solely on binary segmenta-
tion (tumor vs. background). In clinical practice, it may
be necessary to segment multiple tissue types or tumor
subregions (e.g., necrotic core vs. viable tumor), which
would require multi-class segmentation strategies. Future
work could expand the model’s capabilities by integrating
multi-class labels or by incorporating additional imaging
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Table 3. Summary of some studies reporting some lung tumors segmentation approaches.

Literature Year Used techniques Used Dataset Dice (%)
Kumar et al. [32] 2021 U-net CT 82.05

Alshmrani et al. [33] 2023 U-net CT 73.00
Park et al. [34] 2023 Two-stage U-Net PET/CT 75.00
Zhou et al. [35] 2024 Connected U-Net PET/CT 56.00

Proposed method - Seg-Net PET/CT 93.47

modalities such as MRI to improve tissue characterization.

Third, although the SegNet model achieved excellent
results, further performance improvements may be possi-
ble through architectural enhancements such as attention
mechanisms, dilated convolutions, or residual connections.
These innovations have shown promise in other medical
image segmentation tasks and could be explored in the
context of PET/CT lung imaging [40].

Another avenue for improvement lies in the incorpo-
ration of temporal or volumetric information. While our
model operates on 2D slices, tumors are inherently three-
dimensional structures. Extending the approach to 3D seg-
mentation using volumetric CNNs or 2.5D strategies (con-
sidering adjacent slices) could enhance contextual under-
standing and segmentation continuity across slices. How-
ever, such approaches would require significantly more
computational resources and memory, which should be
weighed against the expected performance gains.

Recent progress in PET/CT segmentation has also ex-
plored Transformer-based networks, lightweight architec-
tures (e.g., LKAFormer), and hybrid models combining con-
volutional and attention mechanisms [41–43]. While these
models show promise, they often require larger datasets
and increased computational resources. In contrast, SegNet
offers a balance of accuracy, interpretability, and efficiency,
which motivated our choice for this study.

Finally, clinical validation is essential before this ap-
proach can be fully integrated into diagnostic workflows.
While we performed a thorough evaluation using anno-
tated ground truth from expert radiologists, a prospective
study involving multiple radiologists and assessment of
the impact on clinical decision-making would be needed to
confirm its utility in practice.

Despite these limitations, the proposed SegNet-based
model offers a valuable contribution to the field of medi-
cal image analysis. Its robust performance, relatively low
complexity, and strong generalization potential make it a
promising candidate for integration into automated diag-
nostic systems. Furthermore, its superior results compared
to baseline models and previously published methods un-
derscore its effectiveness in addressing the challenges in-
herent in lung tumor segmentation.

4. Conclusion

This study provides strong evidence supporting the appli-
cation of SegNet for the segmentation of lung tumors in
PET/CT images. Through a combination of architectural
efficiency, rigorous evaluation, and high segmentation ac-
curacy, the proposed method stands as a reliable tool for
advancing precision in computer-aided diagnosis and ra-
diotherapy planning. Future studies will focus on expand-
ing the dataset, incorporating volumetric segmentation,
and validating the model in real-world clinical settings.
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