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ABSTRACT

Medical image segmentation, as a core component of computer-aided diagnosis systems, is

of great significance for improving the efficiency of disease diagnosis. Deep learning has shown great
potential in medical image segmentation, yet existing algorithms still face limitations such as insufficient
segmentation accuracy and limited generalization performance when dealing with clinical challenges like
ambiguous organ boundaries and inconspicuous tissue features. To address these issues, this study
introduces attention mechanisms to enhance the network’s feature extraction capabilities, integrates multi-
scale feature fusion strategies to boost segmentation performance, and optimizes both network architecture
design and training strategies. The goal is to explore more efficient and accurate medical image
segmentation methods, providing technical support for improving the practical applicability of

segmentation algorithms in clinical settings.

INDEX TERMS Medical Image Segmentation, Deep Learning; Attention Mechanism, Multi-Scale Feature

Fusion, Network Architecture Optimization.

I. Theoretical Foundations and Current Status of
Medical Image Segmentation

A. Basic Theories and Technological Evolution of
Medical Image Segmentation

Medical image segmentation has evolved over decades,
progressing from initial manual segmentation to fully
automated approaches. Traditional segmentation methods
primarily rely on low-level image information such as
intensity distributions and texture features, extracting
target regions through techniques like thresholding, region
growing, and edge detection. With advances in computer
vision, segmentation methods based on mathematical
morphology gradually emerged, incorporating
mathematical models such as level sets and active
contours, and leveraging shape priors to constrain
segmentation results[1]. The machine learning era brought
breakthroughs with methods like support vector machines
and random forests in medical image segmentation. While
these algorithms perform well on medical images with
regular structures and clear boundaries, they often
underperform in complex backgrounds and ambiguous
boundary scenarios. Additionally, feature engineering
heavily depends on expert experience, making it difficult
to handle the diversity and complexity of medical imaging
data[2].
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B. Current Applications of Deep Learning in Medical
Image Segmentation

Deep learning has demonstrated significant advantages in
medical image segmentation due to its powerful capability
for automatic feature learning. Fully convolutional
networks (FCNs) eliminate input size constraints,
enabling end-to-end dense prediction. Encoder-decoder
architectures address information loss caused by feature
map downsampling, while skip connections effectively
fuse multi-level features. Network structures such as
residual learning and dense connections improve training
stability, mitigate the risk of gradient vanishing, and
significantly enhance feature extraction capabilities[3][4].
However, existing deep learning algorithms still have
notable limitations in medical image segmentation:

® Poor segmentation performance in ambiguous organ

boundary regions
® Suboptimal accuracy in small object detection
® Limited generalization ability across different
datasets and modalities

Furthermore, medical image data annotation is costly and
requires  professional expertise. = Maximizing the
performance of algorithms using limited labeled data and
reducing reliance on large-scale annotated datasets have
become key focus areas in current research.
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Il. Optimization Design of Deep Learning-Based Medical
Image Segmentation Algorithms

A. Attention-Enhanced
Architecture

Segmentation Network

Conventional medical image segmentation networks often
encounter difficulties when dealing with complex
anatomical structures due to insufficient feature
representation capabilities[5]. To address this limitation,
an attention-guided segmentation framework is developed
by integrating dual attention modules into a standard
encoder — decoder architecture. The channel attention
branch captures inter-channel dependencies through
complementary global average pooling and max-pooling
operations, while the spatial attention branch dynamically
emphasizes informative regions according to their spatial
context. For an input feature map F, an attention
weighting mechanism is employed to generate adaptive
feature responses. The refined features are subsequently
propagated through the decoder to recover high-resolution
segmentation maps.

To further strengthen representation learning, the
proposed architecture incorporates residual learning
pathways that facilitate the preservation of discriminative
information and stabilize network optimization. The
combination of hierarchical attention mechanisms and
residual connections enables the model to adaptively
emphasize meaningful structures while suppressing
irrelevant background information. In addition, multi-
scale data augmentation strategies, including random
scaling and rotation, are introduced during training to
increase sample diversity and improve generalization
performance. Experimental observations indicate that the
optimized architecture substantially enhances
segmentation accuracy for tumors, organs, and other
medical targets.

B. Multi-Scale Feature Fusion Strategy

Medical image segmentation remains challenging because
target objects often exhibit considerable variations in size,
shape, and boundary appearance. Features extracted from
a single scale are therefore insufficient for accurate
delineation. To overcome this issue, a multi-scale feature
fusion strategy is introduced based on a feature pyramid
structure that aggregates representations from different
network depths.

Shallow layers preserve abundant spatial details that are
beneficial for boundary localization and local structure
recognition, whereas deeper layers capture richer semantic
information and broader contextual cues. To efficiently
integrate these complementary characteristics, a feature
selection gating mechanism is incorporated to adaptively
adjust the contribution of features from different scales
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according to their discriminative importance. Furthermore,
a lightweight feature recalibration module is designed to
learn cross-scale relationships and promote adaptive
feature selection.

Multi-level feature maps are connected through dense
information pathways, ensuring effective interaction
between low-level detail information and high-level
semantic representations[6]. This fusion process enhances
feature expressiveness, improves boundary delineation,
and increases the robustness of the segmentation network
when confronted with heterogeneous medical imaging
data.

lll. Algorithm Performance Evaluation and Application
Validation

A. Experimental Design and Evaluation Metrics

To comprehensively evaluate the performance of the
proposed algorithm, multiple comparative experiments were
conducted to verify its effectiveness. The experimental data
included public medical imaging datasets and clinical data
provided by several hospitals, covering different modalities
such as CT and MRI. Data preprocessing methods such as
windowing and normalization were adopted to improve
image quality, and five-fold cross-validation was used to
partition the datasets. To ensure comprehensive evaluation,
segmentation accuracy was measured using metrics including
the Dice coefficient and Hausdorff distance, while efficiency
indicators such as parameter count and inference time were
also considered[7]. The improved algorithm was compared
with mainstream medical image segmentation methods, and
the detailed results are presented in Table 1.

Table 1. Comparative Performance Analysis of Different Segmentation

Algorithms

Method Dice Hausdorff ~ Parameters Inference
Score  Distance ™) Time (ms)
(%) (mm)

U-Net 85.3 8.42 12.5 156

Attention U- 87.6 7.13 14.2 182

Net

DeepLabV3+  86.9 7.89 15.8 195

Proposed 90.2 6.45 13.7 175

Method

As shown in the comparison results in Table 1, the proposed
algorithm exhibits excellent performance in both
segmentation accuracy and computational efficiency.
Specifically, the Dice coefficient reaches 90.2%, an
improvement of 4.9 percentage points over the traditional U-
Net; the Hausdorff distance is reduced to 6.45 mm, indicating
significantly improved boundary localization accuracy[8].
Meanwhile, the algorithm introduces only a small number of
additional parameters, with a total model size of 13.7M and a
single inference time controlled within 175 ms, resulting in
moderate computational overhead. It demonstrates stable
performance across segmentation tasks for different
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anatomical sites, fully verifying the practical value and
generalization ability of the algorithm.

B.Validation of Segmentation Performance on

Pathological Data

The optimized algorithm was deployed in medical image
segmentation systems at three tertiary hospitals, and its
segmentation performance was validated on multiple
pathological types including liver tumors, pulmonary nodules,
and gliomas[9[10]]. Using clinical medical imaging data and
expert annotations as the gold standard, the algorithm was
evaluated across multiple dimensions including segmentation
accuracy, boundary completeness, and processing speed.
After six months of systematic testing, the statistical results
are summarized in Table 2.

Table 2. Segmentation Performance of the Proposed Method Across
Different Pathological Targets

Liver 325 923 90.8 935 2.3 91.2
Tumor

Pulmon 486 89.7 885 912 1.8 89.5
ary

Nodule

Glioma 243 91.5 89.7 92.8 2.5 90.8
Small 178  88.6 87.4  90.1 1.9 88.7
Organs

The wvalidation results show that the improved algorithm
achieves high accuracy in various medical image
segmentation  tasks, with particularly  outstanding
performance in liver tumor segmentation (accuracy of 92.3%,
and both sensitivity and specificity above 90%). The
segmentation performance evaluation results indicate that the
algorithm maintains stable boundary localization for targets
of different scales, with boundary accuracy generally around
90%, demonstrating its advantage in capturing fine-grained
features in medical images. In terms of processing efficiency,
the average segmentation time is controlled within 3 seconds,
with small variations across different types of medical
images, reflecting stable computational performance.
Compared across four different pathological types, the
algorithm maintains good performance on both pulmonary
nodules (with large sample sizes) and challenging small
organ segmentation tasks, fully verifying the practical value
and generalization ability of the deep learning-based
segmentation algorithm.

IV. Conclusion

Through the design of an attention-enhanced segmentation
network architecture combined with multi-scale feature
fusion strategies, the performance of the medical image
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segmentation algorithm has been significantly improved. The
optimized algorithm achieves substantial progress in both
segmentation  accuracy and processing efficiency,
demonstrating promising results in clinical applications. This
research not only achieves innovative breakthroughs at the
algorithm level but also provides new insights for the
development of medical image segmentation technology,
contributing to the in-depth application of artificial
intelligence in healthcare. Future work will further explore
algorithmic scalability and lightweight optimization to
enhance adaptability to complex clinical scenarios,
promoting the innovative development of deep learning in
intelligent healthcare and contributing to the improvement of
medical diagnosis[11].
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