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Abstract: This paper addresses common challenges in lung cancer medical images, including blurred
boundaries, large variations in target size, and complex anatomical structures. A structure-aware semantic
segmentation method is proposed based on an improved Mask2Former framework. The model adopts a
Transformer-based unified architecture and introduces a multi-scale feature fusion mechanism and cross-scale
query attention module. These components enhance the joint modeling of local details and global semantics.
In the feature encoding stage, positional embeddings are incorporated to improve structural awareness. In the
mask prediction stage, a boundary-guided module is used to strengthen contour recognition. A series of
sensitivity experiments is conducted under various settings, including learning rate adjustment, resolution
changes, noise perturbation, and data imbalance. The model's stability and robustness are systematically
evaluated across different training conditions and input environments. Experimental results show that the
proposed method achieves excellent performance on multiple mainstream metrics. It demonstrates strong
generalization and structural representation capabilities, providing effective technical support for automated
lung cancer segmentation and validating the modeling value of structure-aware mechanisms in medical
imaging tasks.
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1. Introduction

Lung cancer is one of the most prevalent and deadly malignancies worldwide. Early detection and accurate
diagnosis are crucial for improving patient survival rates. With continuous advancements in medical imaging,
computer-aided diagnosis has played an increasingly important role in lung cancer screening [1]. High-
resolution techniques such as low-dose spiral CT have made it possible to acquire large volumes of imaging
data. However, manual interpretation by radiologists is often subjective, repetitive, and inefficient. This has
accelerated the development of deep learning-based methods for automated segmentation and analysis.
Accurate segmentation of lung nodules, masses, and surrounding structures is essential for malignancy
assessment, boundary delineation, and treatment planning. Therefore, improving the accuracy of automated
lung image segmentation holds great clinical value and is a core task in the advancement of intelligent
healthcare technologies [2].

In medical image analysis, image segmentation is a fundamental but critical task. It aims to accurately partition
semantically meaningful regions in an image. Compared with natural images, lung cancer medical images
present several challenges in segmentation tasks. First, tumor shapes are diverse, often with blurred boundaries
and wide size variations. Second, complex background tissues may cause interference and structural overlap.



Third, large inter-patient variability increases the burden on model generalization. These challenges limit the
performance of traditional segmentation methods in lung cancer tasks. Deep learning methods, with their
superior structural modeling and long-range dependency capture, have become the preferred approach [3].

In recent years, semantic segmentation models have been widely adopted in medical imaging. They have
evolved from early models like FCN and UNet to architectures that incorporate Transformer mechanisms.
Mask2Former, as a unified segmentation framework, demonstrates strong performance across various tasks.
Its core design builds explicit links between encoder features and queries, enabling precise semantic extraction
through multi-scale fusion. It offers both scalability and interpretability. For issues such as blurred boundaries
and multiple instance interference in medical images, such architectures provide a solid foundation for further
optimization. However, their adaptability and detailed modeling in specific scenarios like lung imaging still
require more investigation [4].

In lung cancer image segmentation tasks, both accuracy and robustness are essential. On one hand, models
must have a global perception to capture long-range dependencies and assign semantic labels correctly. On the
other hand, they must preserve fine details to handle irregular shapes and fuzzy edges. Single modeling
strategies often suffer from bias in complex tissue recognition. Therefore, enhancing the segmentation
framework with attention mechanisms, feature contrast, or prior medical knowledge has become a key direction
for performance improvement. At the same time, medical imaging faces challenges such as limited data
availability and high annotation costs. Designing efficient, generalizable models under limited supervision is a
major research focus.

In summary, lung cancer image segmentation addresses urgent clinical needs and serves as a key entry point
for deploying Al technologies in medical imaging. With the support of the Mask2Former backbone, structural
adaptation to medical scenarios can improve segmentation accuracy and promote the usability and reliability
of intelligent diagnostic systems. As deep learning continues to evolve, building segmentation models with
structural awareness, multi-scale modeling, and strong generalization has become a critical and challenging
direction in medical image analysis, demanding further exploration and innovation.

2. Related Work

Medical image segmentation is one of the most important applications of computer vision in healthcare. It has
long been a key focus in deep learning research. Early segmentation methods were mainly based on fully
convolutional network architectures. A typical example is FCN, which achieved significant breakthroughs in
natural image tasks. Its core idea is to extract image features through convolution operations and gradually
restore spatial resolution during decoding. However, due to limited ability in modeling local context, these
methods often struggle with common issues in medical images, such as blurred boundaries and small object
recognition. To address these problems, many improved architectures have emerged. These include skip
connections, symmetric structures, and dense residual blocks, which enhance feature representation and
improve fine-grained perception. These designs have shown effectiveness in segmenting tumors and abnormal
tissues [5].

In recent years, the introduction of Transformer architectures has brought new momentum to medical image
segmentation. Compared to conventional convolutional networks, Transformers can establish long-range
dependencies during encoding. This offers significant advantages in global semantic modeling. As
Transformer-based designs continue to evolve, several high-performance segmentation frameworks have been
proposed. These models leverage self-attention mechanisms to enhance the understanding of complex tissue
structures and adapt to scenarios involving multi-scale and non-rigid targets. Such methods have achieved
strong performance in clinical tasks such as lung cancer and brain tumor segmentation [6]. They are particularly
effective in addressing challenges like unclear boundaries and structural variations, providing a powerful
foundation for expressive modeling.



Among Transformer-based segmentation methods, unified segmentation frameworks have become a major
research trend. The core idea is to integrate semantic segmentation, instance segmentation, and panoptic
segmentation into a single modeling structure. Query-driven segmentation models adopt a decoupled design.
They allow a fixed number of query vectors to interact with global semantic features generated by the encoder,
thus predicting mask information for target regions. This mechanism reduces redundant computation and
enhances the model's generalization and cross-task adaptability. For medical images, this approach provides a
new path for structural modeling in complex scenarios. It performs especially well in capturing overlapping
and nested structures that are difficult for traditional convolutional methods to handle [7, 8].

In addition to network architecture development, many studies have focused on improvements in feature
enhancement, loss function design, and multimodal fusion to further boost segmentation performance. For
example, channel attention and spatial attention mechanisms have been introduced to enhance the model's focus
on key regions. Multi-scale pyramid structures have been used to enrich feature extraction. Reliability-aware
learning has also emerged as an effective strategy for improving representation quality by adaptively
emphasizing trustworthy semantic features while suppressing uncertain responses, leading to more stable
segmentation performance in complex visual environments [9]. To address the scarcity of medical image data,
researchers have also explored semi-supervised, weakly supervised, and self-supervised strategies. These
approaches help reduce reliance on manual annotations and improve model robustness. Collectively, these
advancements continue to drive the evolution of medical image segmentation and provide a stronger technical
foundation for lung cancer image analysis.

3. Method

This paper adopts a lung cancer image segmentation framework based on an improved Mask2Former. While
maintaining the advantages of its query-driven architecture, it introduces structure-aware and detail-
preserving mechanisms to adapt to the complexity of medical images. The overall model consists of an
encoder, a query decoder, and a multi-scale mask prediction module. The encoder uses a pretrained feature
extraction network as its backbone and combines it with learnable position embeddings to enhance its ability

to express spatial structure. The model architecture is shown in Figure 1.
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Each input image first extracts a feature map through the backbone network, denoted as F e , and

then uses the position encoding function E, to enhance its representation to obtain the global feature:
F'=F+E,(x,)

To better capture the edge details and contextual structure of the lung tumor area, the model introduces a
multi-scale cross-attention module to fuse semantic features from different levels. The features at three scales
are defined as [F, F,, F,], and the fused representation is:

3
Ffusion = Zwi Attn(QﬂKl’I/;)
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The weight term w, is a learnable parameter, and A#n(Q,,K.,V;) represents the self-attention calculation
function, which is defined in the following form:

oK'
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Where Q,K,V represents the query, key, and value vectors, respectively, and d, 1is the dimension

normalization factor. To adapt to the uneven distribution characteristics between classes in medical images,
the loss function adopts a weighted polynomial combination, comprehensively considering semantic
consistency and boundary accuracy. The overall loss function is defined as follows:
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Figure 1. Overall model architecture

Dice Loss is used to deal with the problem of category imbalance, and its specific definition is:
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To further optimize the model's boundary perception ability, this paper introduces a boundary-guided
regularization term. This uses convolution to extract the predicted mask edges and compares them with the
true edges, thereby strengthening the supervised learning of edge regions. During the training process, the
AdamW optimizer is used to update the parameters, and its update rule is:
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Where 6, is the parameter for iteration t, 7 1is the learning rate, and m, and v, are the bias correction
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values for the first- and second-order moment estimates, respectively. This entire method is trained in an end-
to-end manner, balancing structural modeling capabilities with the unique refinement requirements of medical
images, aiming to improve accurate segmentation of lung cancer regions.

4. Experimental Results
4.1 Dataset

This study uses the publicly available LIDC-IDRI (Lung Image Database Consortium Image Collection)
dataset. The dataset is widely used for lung nodule detection and segmentation tasks. Jointly constructed by
multiple institutions, LIDC-IDRI contains low-dose spiral chest CT scans from over one thousand subjects. It
aims to promote the development of computer-aided diagnosis algorithms for lung cancer. The dataset
provides a unified benchmark and multiple levels of annotation, making it one of the most representative
resources in lung cancer image analysis.

Each scan in the dataset is independently annotated by several radiologists. The annotations include
information on the location, boundary, and attributes of nodules. These labels cover malignancy assessment,
edge sharpness, and structural consistency, among other features. As a result, the dataset supports not only
binary segmentation tasks but also offers potential for multi-level semantic analysis. The images are of high



resolution and cover a wide range of cases, including sub-centimeter nodules and multiple large masses. This
diversity significantly enhances the value of the dataset for studying model generalization.

To ensure consistency in training and testing, a standard preprocessing pipeline is applied. The original CT
images are normalized, and the radiologist annotations are converted into consistent voxel-level label formats.
In addition, all images are cropped and resampled in the spatial dimension to match the input size requirements
of deep neural networks. This process ensures that the model can effectively learn local features and structural
semantics within the lung regions. The high quality and consistency of this dataset provide a solid foundation
for segmentation modeling.

4.2 Experimental Results
This paper first conducts a comparative experiment, and the experimental results are shown in Table 1.

Table 1. Comparative experimental results

Model mlOU mDice mACC mF1-SCORE
Unet [10] 76.12 80.03 84.29 79.75
DeepLabv3+ [11] 78.45 82.60 86.77 82.15
PSNET [12] 79.28 83.41 87.35 82.94
SegFormer [13] 80.36 84.75 88.42 84.31
Ours 82.91 86.92 90.03 86.05

As shown in the table, various classical semantic segmentation models demonstrate relatively stable
performance in the lung cancer image segmentation task. Among them, the traditional UNet model performs
at a lower level across multiple metrics. In particular, it achieves 76.12% in mIOU and 79.75% in mF1-SCORE.
This indicates insufficient modeling capacity and limited preservation of spatial details when dealing with
complex shapes and blurred boundaries of pulmonary nodules. Although UNet features a symmetric encoder-
decoder structure with skip connections, its limited local receptive field restricts its ability to capture long-
range semantic information.

In contrast, DeepLabv3+, based on dilated convolution, and PSNet, which integrates attention mechanisms,
outperform UNet in overall performance. This suggests that the ability to model multi-scale context provides
a clear advantage in medical imaging. PSNet enhances structural representation and achieves better results in
mDice and mACC, accurately distinguishing between tumor regions and background. SegFormer introduces
the Transformer architecture into the segmentation framework. It strengthens global feature modeling and
achieves an mIOU 0f 80.36% and an mF1-SCORE of 84.31%. It adapts well to segmenting complex boundaries
and non-rigid structures, showing strong generalization.

The proposed method in this study achieves the best results across all four evaluation metrics. Notably, it
reaches 82.91% in mIOU and 86.92% in mDice, significantly outperforming mainstream models. This
improvement is attributed to architectural enhancements tailored to the characteristics of medical images. These
include cross-scale feature fusion, optimized self-attention mechanisms, and fine-grained modeling of
boundary regions. The improved design effectively addresses challenges such as structural interference and
semantic discontinuity in lung images. While maintaining global modeling capacity, it also enhances the
preservation of local details, making the segmentation outputs more reliable in terms of contour alignment and
region coverage.

Overall, the experimental results validate that combining a unified segmentation framework with multi-scale
semantic enhancement leads to a clear performance advantage in lung cancer image segmentation. Compared
with traditional convolutional models, Transformer-based improvements offer stronger representational
capacity for long-range dependency modeling and complex structure parsing. By carefully designing cross-
layer interaction paths and optimizing the loss function, the proposed model not only improves overall accuracy
and robustness but also provides a solid technical foundation for future applications in instance-level
segmentation and clinical decision support in medical imaging.



This paper also presents an experiment designed to explore the impact of different learning rate settings on
model performance. The experiment systematically adjusts the learning rate across a range of values to examine
how it influences the model's ability to converge and maintain stability during training. This analysis is intended
to assess the sensitivity of the proposed segmentation framework to learning rate variations, providing insights
into the relationship between optimization dynamics and architectural behavior. The detailed results and
performance trends under different learning rates are illustrated in Figure 2.

Performance of Our Model under Different Learning Rates
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Figure 2. Experiment on the impact of different learning rate settings on model performance

As shown in the figure, different learning rate settings have a significant impact on model performance. Within
a smaller learning rate range (from le-5 to 1e-4), the model achieves stable and high performance across four
key metrics: mIOU, mDice, mACC, and mF1-Score. This indicates that the proposed segmentation architecture
converges more smoothly and retains features more effectively under small-step optimization. It is capable of
handling challenges such as complex structures and blurred boundaries in lung cancer images.

When the learning rate is set to 1e-4, the model reaches its peak performance in mIOU and mDice, achieving
82.91% and 86.92%, respectively. It also performs well in mACC and F1-Score. This suggests that the weight
update strategy at this learning rate aligns closely with the convergence behavior of the model. It helps balance
global modeling capacity with accurate edge delineation of tumor regions, fully leveraging cross-scale attention
and the mask query mechanism.

As the learning rate increases to Se-4 and le-3, the model performance drops to varying degrees. The decline
is most evident in the mACC metric. This implies that a learning rate that is too large may cause instability in
weight updates during training, limiting the model's ability to learn consistent features of pulmonary nodules.
This sensitivity is especially important in medical image tasks, where segmentation accuracy at the pixel and
tissue structure level is critical. Rapid parameter updates may lead the model to fall into suboptimal or even
invalid solutions.

Overall, the experimental results highlight the importance of proper learning rate control in medical image
segmentation. For structure-aware Transformer-based segmentation frameworks, it is recommended to set the
base learning rate around 1e-4. This ensures stable convergence and high segmentation accuracy in lung cancer
imaging, providing a reliable training strategy for further deployment in clinical decision support systems.

This paper further presents the impact of adding noise perturbation data on model stability and generalization
performance. The experimental results are shown in Figure 3.



Effect of Noise Perturbation on Model Performance
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Figure 3. The impact of adding noise perturbation data on model stability and generalization performance

The figure shows the performance trends of the model under different levels of noise perturbation across four
key metrics. Overall, as the noise intensity increases, there is a consistent decline in mIOU, mDice, mACC,
and F1-Score. This indicates that the proposed lung cancer segmentation model is sensitive to the cleanliness
of input data. In particular, under high and severe perturbations, the model exhibits noticeable performance
fluctuations, suggesting that semantic modeling and boundary recognition are affected by the presence of noise.

Under low noise conditions, the model remains relatively stable. The four metrics show only slight variations,
demonstrating that the structure-aware architecture maintains good robustness within a limited noise range.
Notably, both mDice and F1-Score stay around 85%, indicating that the model retains reliable detection
capability for major tumor regions. This supports its fault tolerance in real clinical settings, making it suitable
for diagnosis under non-ideal image acquisition conditions.

As the noise level increases to medium and high, the performance drops more sharply. The mIOU metric shows
the most significant decline. This reveals that the model's ability to capture fine-grained boundary features is
disrupted in noisy environments. The results suggest that in high-noise scenarios, global modeling mechanisms
may struggle to distinguish between target and background. The feature reconstruction process during mask
decoding also becomes more challenging. Blurred boundaries and incomplete structures become major
obstacles to performance improvement.

These results highlight the importance of robustness in lung cancer image segmentation. They suggest that
robust training strategies should be further incorporated. Examples include noise modeling, perturbation-based
data augmentation, and contrastive regularization. For structure-sensitive networks, improving generalization
while preserving detailed representations is a critical future direction, especially when dealing with multi-
source data or real-world clinical environments.

This paper also presents an experiment on the impact of input image resolution changes on segmentation
accuracy, and the experimental results are shown in Figure 4.

The figure illustrates the trend of mIOU performance under different input image resolutions. Overall, as the
resolution increases from 128x128 to 256%256, the segmentation accuracy improves steadily, reaching a peak
of 82.91%. This indicates that moderate resolution balances global structure and local details in lung images.
It enables better modeling of regions with blurred boundaries and complex textures. This also reflects that the
structure-aware segmentation framework proposed in this study achieves a good balance between semantic
preservation and spatial representation through convolutional structures.

When the resolution is further increased to 320x320 and 384x384, the model's performance declines to some
extent. A possible reason is that larger input sizes introduce more redundant background information, which
may cause ambiguity in boundary prediction by the mask decoder. In addition, high-resolution inputs may carry



more image noise and unnecessary anatomical structures, affecting the feature extraction module's focus on
target regions. For lung nodules, which are typically small with irregular boundaries, proper scale selection is
especially important.

Segmentation Accuracy under Different Input Resolutions
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Figure 4. Experiment on the impact of input image resolution changes on segmentation accuracy

At low resolution, performance drops significantly. In particular, when the input size is 128x128, the mIOU
falls to 78.43%. This suggests that the model struggles to capture sufficient structural information and spatial
details at this scale. Such results align with the characteristics of medical image tasks. Lung cancer lesions are
usually small in size and have complex boundaries. At low resolution, target structures may be compressed or
lost, preventing the model from effectively extracting discriminative features.

These results further confirm the sensitivity of semantic segmentation models to input image resolution,
especially in medical imaging scenarios. To improve robustness and practicality, it is recommended to select
an optimal resolution that maintains contextual awareness while ensuring computational efficiency. Future
studies may also explore resolution-adaptive mechanisms and pyramid fusion structures to achieve stable
performance across multiple scales.

Finally, this paper presents a quantitative evaluation experiment on the sensitivity of the model to the degree
of data imbalance, and the experimental results are shown in Figure 5.

Effect of Data Imbalance on Model Performance
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Figure 5. Quantitative evaluation experiment of data imbalance degree on model sensitivity



The figure shows how the model's performance changes under varying degrees of data imbalance, reflecting
the sensitivity of the structure-aware lung cancer image segmentation network to sample distribution. The
mIOU and mACC metrics show that as the positive-to-negative sample ratio increases from 1:1 to 16:1, the
model's overall performance declines. mIOU drops from 82.91% to 76.25%, while mACC drops from 90.03%
to 83.80%. This indicates that data imbalance significantly impacts the model's discriminative ability and
boundary modeling accuracy, particularly in minority class regions, which can lead to ambiguity and
misclassification, resulting in degraded segmentation results.

In contrast, the mDice and F1-Score metrics exhibit relatively small fluctuations, exhibiting a range of
oscillations rather than a monotonic decline. In particular, the F1-Score remains around 85% even in extremely
imbalanced scenarios, demonstrating the model's robustness in both internal consistency of the main classes
and in distinguishing between positive and negative samples. This performance may be attributed to the model's
internal attention mechanism's ability to focus on target regions, maintaining some feature recognition even
when samples are scarce. However, the overall performance is still affected by data bias.

These experimental results indicate that lung cancer image segmentation models can exhibit instability in
structure recognition and boundary resolution when trained with severe data class imbalance. Therefore, to
improve the model's generalization ability to real-world clinical data, it is necessary to introduce data-
imbalanced compensation strategies, such as reweighted loss functions, oversampling augmentation, or class-
guided regularization mechanisms. These strategies can enhance the representation of minority regions and
strengthen the model's ability to sensitively model complex lesion structures.

5. Conclusion

This study focuses on lung cancer image segmentation and proposes a structure-aware model based on an
improved Mask2Former architecture. The goal is to enhance the modeling of blurred boundaries, small targets,
and morphological variations in complex medical images. By introducing multi-scale feature fusion and cross-
scale query attention mechanisms, the model achieves accurate tumor region identification and precise
boundary delineation. The method also demonstrates strong performance across multiple evaluation metrics,
showing good stability and robustness. It effectively balances semantic modeling and detail preservation,
providing reliable technical support for the intelligent segmentation of malignant pulmonary lesions.

In the sensitivity analysis, the study investigates the model's response to variations in learning rate, input
resolution, data imbalance, and noise perturbation. These results reveal the performance stability and
adaptability of the structure-aware segmentation model under different training and data conditions. The
findings not only validate the design of the model but also offer guidance for future applications in more
complex or practical medical scenarios. The experiments further demonstrate the potential contribution of
structural optimization to robustness, emphasizing the dual demands of fine-grained modeling and
generalization in medical image tasks.

The proposed segmentation framework can be extended to other types of medical imaging tasks, such as tumor
segmentation in the liver, brain, or prostate. It shows strong potential for cross-modality adaptation and
structural transfer. In addition, the unified architecture and query mechanism offer high scalability in instance-
level segmentation and multi-organ modeling. Therefore, this research not only advances intelligent analysis
of lung cancer images but also lays a theoretical and methodological foundation for the broader application of
structure-aware segmentation methods in the medical domain.

Future research may integrate heterogeneous data sources, including imaging, clinical, and pathological
information, to build multimodal joint segmentation systems. It is also important to explore lightweight model
designs to support deployment on edge devices. At the algorithmic level, incorporating semi-supervised, self-
supervised, and continual learning strategies may help address the challenges of high annotation cost and data
heterogeneity in medical imaging. Furthermore, to tackle domain generalization and cross-device robustness



in real-world applications, combining meta-learning and domain adaptation approaches will be a valuable
direction. These efforts can accelerate the practical adoption of structure-aware segmentation technologies in
intelligent healthcare systems.
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