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Abstract: This paper proposes an enhanced feature pyramid-based segmentation algorithm designed
for accurate skin disease lesion segmentation. The method utilizes a multi-level convolutional
encoder to extract hierarchical features and introduces a cross-scale enhancement module to
strengthen the fusion of multi-scale contextual information. Additionally, a space attention
mechanism is applied to refine spatial localization and highlight critical lesion regions. The network
architecture is systematically constructed to balance the extraction of fine-grained details and global
semantic representations. Extensive experiments on the ISIC 2018 dataset demonstrate that the
proposed method achieves superior performance compared to several baseline models, showing
notable improvements in mIOU, mDice, and F1-Score metrics. Intuitive visualization of segmentation
masks and feature maps further validates the model's ability to accurately capture lesion boundaries
and suppress background noise. The effectiveness of the enhanced feature pyramid structure
confirms its potential to advance the precision and robustness of skin disease image analysis.
Through comprehensive evaluations, the method is shown to offer a reliable and scalable solution
for skin lesion segmentation tasks.

Keywords: skin lesion segmentation; feature pyramid network; cross-scale enhancement; space
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I. Introduction

Skin diseases are among the most prevalent conditions worldwide, significantly affecting
people's health and quality of life. With the continuous advancement of medical imaging
technologies, a large number of skin disease images have been collected and stored[1]. This provides
a solid foundation for the development of computer-aided diagnosis systems. Among various
auxiliary diagnostic techniques, image segmentation plays a crucial role as an essential pre-
processing step in skin image analysis[2]. It is vital for subsequent tasks such as feature extraction,
lesion classification, and treatment planning. Accurately and efficiently separating skin lesions from
the background can greatly improve the reliability and automation of diagnoses. Therefore,
researching advanced semantic segmentation methods for skin disease images holds important
theoretical and practical value.

Traditional image segmentation methods, such as thresholding, edge detection, and region
growing, often show clear limitations when dealing with complex skin disease images. These images
frequently feature blurry boundaries, complex textures, and significant color variations, making
simple methods unable to produce satisfactory segmentation results[3]. With the rise of deep learning,
convolutional neural networks (CNNs) have demonstrated superior performance in semantic
segmentation and feature extraction. Encoder-decoder network designs, in particular, can effectively
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capture both local and global information, improving segmentation accuracy. However, fully
extracting and fusing multi-scale feature information remains a critical challenge when addressing
multi-scale lesion areas.

Feature Pyramid Networks (FPN) provide an effective mechanism for multi-scale feature fusion.
Through a top-down pathway and lateral connections, FPNs integrate feature maps across different
levels, enhancing the model's ability to detect small objects and fine details. For skin disease images,
where lesion areas vary greatly in scale and shape, using a feature pyramid structure can significantly
improve the recognition of small lesions and complex backgrounds. However, traditional feature
pyramid methods still suffer from information loss and semantic shifts during feature transmission
and fusion. These issues limit their further development in high-precision segmentation tasks.
Therefore, exploring an extended feature pyramid mechanism to better utilize multi-scale features
and enhance semantic representation is of great significance for skin disease segmentation[4,5].

Against this background, research on skin disease segmentation algorithms based on extended
feature pyramids has become a challenging yet promising direction. By introducing richer feature
fusion strategies, such as dynamic convolution, deformable convolution, or attention mechanismes, it
is possible to build more effective information transfer paths between different scales and semantic
levels. This can improve the model's recognition accuracy for skin lesions. Furthermore, an extended
feature pyramid structure can enhance the ability to capture fine-grained information, enabling more
precise segmentation in images with blurry boundaries and complex lesion morphologies. This will
not only drive technical progress in computer-aided skin disease diagnosis but also offer new ideas
and methods for multi-scale feature modeling in medical image segmentation.

With the continuous advancement of intelligent healthcare and the rapid evolution of deep
learning technologies, developing smarter, more robust, and more efficient skin disease image
segmentation algorithms has become an important and urgent task. Segmentation methods based on
extended feature pyramids offer superior performance in multi-scale perception, fine-grained feature
expression, and adaptation to complex backgrounds. They have broad application potential and great
value for wider adoption. Research in this area can improve diagnostic accuracy and efficiency,
reduce errors caused by manual annotation and subjective judgment, and further promote the
application of medical image analysis technologies in other disease detection and treatment
assistance fields. Therefore, in-depth exploration of skin disease segmentation algorithms based on
extended feature pyramids holds significant theoretical and practical value and deserves sustained
research and innovation.

II. Background

In recent years, deep learning has significantly advanced the field of medical image
segmentation, particularly for applications involving skin lesion analysis. UNet and its numerous
variants have emerged as foundational architectures for semantic segmentation tasks due to their
ability to capture both local details and global context through encoder-decoder structures. A
comprehensive review of medical image segmentation techniques based on modified UNet
architectures illustrates how enhancements in skip connections, attention modules, and multi-scale
processing can lead to improved segmentation performance, especially in the domain of
dermatological image analysis [6].

Feature pyramid structures have gained prominence for their effectiveness in managing multi-
scale information in medical images. These architectures allow the model to retain fine-grained
details while integrating high-level semantic representations, making them well-suited for
segmenting lesions of varying sizes and textures. Notably, recent studies have proposed lightweight
yet effective multi-attention UNet variants that improve feature aggregation while maintaining
computational efficiency, which is vital for real-world clinical applications [7]. Similarly,
collaborative learning frameworks have been introduced to jointly optimize segmentation and
classification, leveraging shared features to boost overall performance [8].
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The exploration of attention mechanisms has also extended into other domains of deep learning,
where spatial and channel-wise attention has been applied to tasks like gesture recognition [9], few-
shot text classification [10], and recommendation systems [11]. Although these studies are rooted in
different fields, the underlying methodologies—such as transformer-based architectures, dual loss
strategies, and semantic path modeling—provide valuable insights into efficient feature
representation and contextual understanding, which are transferable to the medical imaging context.

Other areas of deep learning research have contributed techniques relevant to our segmentation
framework. For instance, probabilistic modeling with mixture density networks has proven useful in
capturing uncertain patterns, offering a probabilistic interpretation that could be beneficial in
modeling lesion boundaries [12]. Federated learning approaches propose secure and distributed
training methods that could enhance privacy in collaborative medical datasets [13]. Reinforcement
learning has been leveraged for dynamic task scheduling and adaptive sampling in complex data
environments, presenting a new frontier for learning-based optimization strategies in medical
imaging [14,15].

Moreover, emerging models based on diffusion-transformer frameworks and capsule networks
focus on adaptive and high-dimensional data representation, enabling richer modeling of lesion
features and their spatial configurations [16,17]. Automated feature extraction combined with
transformer-based modeling has also been effective for temporal and structural data, hinting at the
potential integration of temporal dermoscopic image sequences in future segmentation studies [18].

Together, these diverse studies underpin the methodological advancements that inform our
proposed segmentation framework. By drawing on innovations from transformer models, attention
mechanisms, probabilistic learning, and efficient network architectures, our enhanced feature
pyramid approach seeks to push the boundaries of precision and robustness in skin lesion
segmentation.

III. Method

In this study, an enhanced feature pyramid (EFP) structure was first constructed for multi-scale
feature extraction and fusion of skin disease images. The model architecture is shown in Figure 1.
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Figure 1. Overall model architecture diagram.

The proposed network begins by extracting hierarchical feature representations through a multi-
layer convolutional encoder, designed to progressively capture both local textures and higher-level
semantic information. This structure draws from the hierarchical fusion principles demonstrated by
Yan et al., who emphasized the importance of multi-level feature integration for robust target
representation in small object detection scenarios. Inspired by their work, our encoder is constructed
to retain discriminative details across varying spatial resolutions. To further bridge the semantic gaps
across feature layers, a cross-scale enhancement module is introduced, enabling efficient information
exchange across different feature levels. This approach is conceptually influenced by the dynamic
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collaboration mechanism proposed by Yan et al. [19], which supports the reinforcement of weak
signals through enhanced inter-level feature interactions. Subsequently, a spatial attention
mechanism is employed to refine the localization capability of the network. By referencing the multi-
scale attention strategy outlined by Yang et al. [20], we integrate spatial attention to amplify critical
lesion regions while suppressing irrelevant background noise. This selective focus enhances the
model’s discrimination between subtle lesion boundaries and surrounding tissue. Moreover, to
ensure effective convergence and accurate segmentation, the final output feature maps are
supervised using a composite loss function that combines Dice Loss and Binary Cross-Entropy (BCE)
Loss. This formulation balances region-level similarity and pixel-level classification. The utility of
such hybrid optimization strategies is also supported recent work on multimodal detection [21],
where attention-guided feature alignment was optimized through joint loss design to improve
boundary precision and contextual consistency.

The basic feature extraction part uses a convolution encoder to perform multi-level feature
mapping on the input image /€ R™" to obtain feature sets {F,,F,,F,,F,} at different scales,
where the resolution of each feature map is halved in turn. The basic operation of feature extraction
can be expressed as:

F. = ConvBlock (F,_,),i=123,4

ConvBlock (-) represents a feature transformation module composed of convolution, batch
normalization, and nonlinear activation. In order to enhance the expressiveness of pyramid features
at different scales, a cross-scale enhancement module is introduced to establish associations between

different scales through an adaptive weighting mechanism. Specifically, for any two features £, F;

of different scales, cross-scale fusion is expressed as:
E, =0V, *F)+o(W,, *F)

w

where W. iy

i.j
This mechanism not only captures local information, but also transmits cross-scale contextual

is the learnable convolution weight and O(:) is the nonlinear activation function.

information, thereby improving the model's perception of skin lesions of different sizes.

In order to further enhance the response of the key areas within the feature map, the spatial
attention mechanism is applied to weighted optimize the fused features. For any fused feature map
F *, the calculation definition of its spatial attention weight M is as follows:

M = o(Conv2D(AvgPool (F*)® MaxPool (F*)))

@ represents the feature concatenation operation, AvgPool(:) and MaxPool(-) represent the
global average pooling and global maximum pooling respectively, and Conv2D(-) represents the
two-dimensional convolution operation. The final attention weighted feature F,, can be expressed

as:

F

out

—M ®F*

Where ® represents the element-by-element multiplication operation. After processing by the
extended feature pyramid and spatial attention module, the obtained feature map takes into account
the information of different scales and key areas, which helps to improve the segmentation effect of
skin lesion areas. In order to optimize the model training process, a weighted loss function is used to
jointly supervise the boundary and regional information. The total loss function is defined as:

L = /,ilLDice + AZLBce

L,,.. is the Dice coefficient loss, which emphasizes contour matching, L, is the binary cross

entropy loss, which enhances pixel-level classification accuracy, and A,,4, is the loss weight

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.1010.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 June 2025

coefficient. Through the above method, the model can accurately segment skin lesions of different
shapes and scales under complex backgrounds, improving the overall segmentation performance.

IV. Experimental Results

A. Dataset

In this study, the ISIC 2018 Skin Lesion Analysis dataset was selected as the source of
experimental data. The dataset provides a large number of dermoscopic images labeled with precise
lesion segmentation masks, covering a wide variety of skin disease types such as melanoma, nevus,
and keratosis. All images are collected under standardized imaging protocols to ensure consistency
in visual quality and facilitate model training and evaluation.

The dataset includes over 2,500 annotated skin lesion images with corresponding pixel-level
segmentation ground truth. Each image varies in terms of lesion size, shape, color, and boundary
definition, reflecting the complexity and diversity of real-world clinical cases. This variability makes
the dataset particularly suitable for validating segmentation models that require robust multi-scale
feature extraction and fine-grained localization abilities.

To prepare the data for training and evaluation, all images and corresponding masks were
resized to a unified resolution. Standard preprocessing steps, such as intensity normalization and
data augmentation techniques like rotation, flipping, and scaling, were applied to enhance model
generalization. The dataset was split into training, validation, and testing subsets to ensure unbiased
performance assessment across different stages of model development.

B. Experimental Results

In this section, this paper first gives the comparative experimental results of the proposed
algorithm and other algorithms, as shown in Table 1.

Table 1. Comparative experimental results.

Method mIOU mDice mF1-Score
Unet[22] 78.5 84.2 83.8
Unet+Attention[23] 80.1 85.7 85.3
SegFormer([24] 82.6 87.4 87.0
MaskFormer[25] 83.2 88.0 87.7
EFP(Ours) 85.4 89.6 89.2

As shown in Table 1, the baseline model UNet achieves moderate segmentation performance
with an mIOU of 78.5%, an mDice of 84.2%, and an F1-Score of 83.8%. After incorporating attention
mechanisms, UNet+Attention demonstrates noticeable improvements across all metrics, indicating
that integrating attention can enhance the model's ability to focus on relevant lesion regions and
capture more discriminative features.

Comparing transformer-based methods, SegFormer and MaskFormer achieve higher scores
than convolutional network-based models. SegFormer attains an mIOU of 82.6% and MaskFormer
slightly outperforms it with an mIOU of 83.2%, reflecting the effectiveness of transformer
architectures in modeling global contextual information. Their corresponding Dice and F1-Score
values also follow a similar trend, suggesting that advanced feature extraction and aggregation
strategies contribute significantly to segmentation accuracy.

The proposed EFP model outperforms all compared methods, achieving the highest scores
across all evaluation metrics, with an mIOU of 85.4%, an mDice of 89.6%, and an F1-Score of 89.2%.
This improvement highlights the effectiveness of the enhanced feature pyramid structure and cross-
scale feature fusion strategy, which enable the model to better capture multi-scale lesion information
and refine spatial localization, ultimately leading to superior segmentation results.

Furthermore, an intuitive segmentation result is given, as shown in Figure 2.
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Figure 2. Intuitive segmentation results.

As illustrated in Figure 2, the intuitive segmentation results demonstrate that the proposed
model is capable of accurately delineating lesion boundaries across a variety of skin disease images.
Regardless of differences in lesion size, shape, or color distribution, the segmentation masks closely
match the true lesion regions, effectively capturing both coarse and fine-grained details. This suggests
that the model generalizes well to diverse appearances commonly seen in clinical practice.

The results further show that the model can effectively suppress irrelevant background noise
while preserving the integrity of the lesion regions. Even in cases where the lesions have low contrast
with the surrounding skin or are partially occluded by artifacts such as body hair, the model
maintains consistent segmentation performance. This highlights the robustness of the enhanced
feature extraction and fusion mechanisms in addressing complex real-world challenges.

Overall, the visualized examples validate the model's ability to generate precise and coherent
segmentation outputs. The accurate delineation of lesion boundaries not only facilitates subsequent
clinical analysis but also confirms that the architectural improvements, such as cross-scale
enhancement and space attention, significantly contribute to enhancing spatial localization and
boundary refinement in skin disease segmentation tasks.

Finally, the feature map of the model is given, as shown in Figure 3.

’cl
L

1

d

Figure 3. Model output feature map.

As shown in Figure 3, the model output feature maps illustrate the effectiveness of the enhanced
feature extraction process. The feature maps corresponding to different input images highlight lesion
regions with strong activations while suppressing irrelevant background noise. This indicates that
the model successfully captures the essential characteristics of skin lesions, enabling better
discrimination between lesion and non-lesion areas.

The visualization results demonstrate that the feature representations maintain clear spatial
localization, even when lesions vary significantly in size, shape, and texture. Fine-grained structures
within the lesion areas are preserved in the feature maps, suggesting that the multi-scale feature
fusion and space attention mechanisms effectively enhance the model's sensitivity to both coarse and
subtle patterns present in the input images.
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Overall, the output feature maps validate that the proposed architecture is capable of learning
meaningful, task-specific representations crucial for accurate segmentation. By focusing on relevant
lesion features while filtering out noise and redundant information, the model is better equipped to
handle the variability and complexity inherent in clinical skin disease images, thereby contributing
to improved overall performance.

V. Conclusion

In this study, an enhanced feature pyramid-based segmentation framework was proposed to
address the challenges of accurate skin disease lesion segmentation. By incorporating cross-scale
feature enhancement and spatial attention mechanisms, the model demonstrated superior
performance in capturing multi-scale lesion information and refining spatial localization.
Comparative experiments and intuitive visualizations confirmed that the proposed method achieves
more precise and robust segmentation results compared to existing approaches.

The ability to effectively extract and integrate features across different scales proved critical for
handling the variability of skin lesions in terms of size, shape, and appearance. Through the designed
architecture, the model not only improves segmentation accuracy but also enhances its generalization
capability across diverse clinical scenarios. The improved performance on a standard dermoscopic
dataset indicates that the proposed method holds strong potential for integration into computer-
aided diagnosis systems.

Looking toward future work, further exploration could involve incorporating transformer-
based global context modeling into the feature pyramid structure to enhance long-range dependency
learning. Additionally, extending the model to handle multi-modal inputs, such as combining
dermoscopic and clinical photographs, may further improve segmentation performance. Research on
lightweight model optimization could also facilitate the deployment of the proposed system in real-
time clinical environments and mobile health applications.

The advances achieved in this study contribute to the broader field of medical image analysis by
providing a more effective and scalable solution for lesion segmentation. Beyond skin disease
diagnosis, the techniques developed here have the potential to be adapted to other medical imaging
tasks such as tumor boundary delineation, wound analysis, and organ segmentation, promoting the
development of intelligent healthcare systems and improving clinical decision-making processes.
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