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Abstract: This paper presents a comprehensive investigation into the system design of lightweight Transformer
architectures specifically tailored for medical image segmentation tasks. The standard Transformer model, while
demonstrating remarkable performance in various domains, suffers from excessive parameters and high computational
complexity when applied to medical imaging, which often involves high-resolution volumetric data. To address these
challenges, we propose a series of lightweight improvements including: (1) a sparse attention mechanism that reduces
computational burden by focusing on relevant regions of the image, (2) a modular design approach that enables flexible
configuration of network components based on task requirements, and (3) parameter sharing and pruning techniques that
eliminate redundant connections while maintaining model accuracy. The proposed system demonstrates significant
advantages in clinical applications, particularly in real-time surgical navigation and telemedicine scenarios. By efficiently
operating on resource-constrained devices such as portable ultrasound machines and mobile diagnostic platforms, the
system enables precise medical image analysis with minimal latency. This technological advancement provides crucial
technical support for the development of precision medicine and inclusive healthcare, offering potential solutions for
resource-limited settings and remote healthcare delivery.
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1. INTRODUCTION

As deep learning continues to advance, medical image segmentation has taken on a pivotal role in computer-aided
diagnosis, with clinical practice increasingly relying on this technique. Traditional segmentation methods
primarily depend on convolutional neural networks (CNNs), which have achieved notable success but still fall
short when handling complex anatomical structures and capturing long-range dependencies. Leveraging its
powerful global modeling capacity, the Transformer has recently demonstrated impressive performance in medical
image segmentation, enabling more precise delineation of organ boundaries and lesion regions. However, the
standard Transformer model is burdened by a large parameter count and high computational complexity, making it
difficult to meet the demands of real-time clinical diagnosis—especially on resource-constrained edge devices.
Consequently, lightweight Transformer research has emerged to maintain model performance while significantly
reducing computational load and resource consumption. Ding and Wu (2024) provided a comprehensive
systematic review of self-supervised learning techniques for biomedical signal processing, specifically focusing on
ECG and PPG signals[1]. In recommendation systems, Han and Dou (2025) developed a novel user
recommendation method integrating hierarchical graph attention networks with multimodal knowledge graphs[2],
while Li, Wang, and Lin (2025) proposed a graph neural network enhanced sequential recommendation method
for cross-platform ad campaigns[3]. Wang (2025) addressed data challenges in recommendation systems through
joint training of propensity and prediction models using targeted learning for data missing not at random[12].
Content creation and authoring saw innovations with Hu (2025) introducing low-cost 3D authoring via guided
diffusion in GUI-driven pipelines[4]. Industrial applications were advanced through multiple approaches: Tan et al.
(2024) developed highly reliable CI-JSO based densely connected convolutional networks using transfer learning
for fault diagnosis[5]; Tu (2025) created ProtoMind for modeling-driven NAS and SIP message sequence
modeling for smart regression detection[6]; and Xie and Liu (2025) optimized industrial monitoring systems
through InspectX, leveraging OpenCV and WebSocket for real-time analysis[7]. Advertising technology was
enhanced by Zhang, Yuhan (2025) through AdOptimizer, a self-supervised framework for efficient ad delivery in
low-resource markets[8], while the same author also contributed to development tools with InfraMLForge for
rapid LLM development and scalable deployment[9]. System reliability engineering was addressed by Zhu (2025)
through REACTOR, incorporating automated causal tracking and observability reasoning[10]. Finally, business
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applications were explored by Zhuang (2025) who examined the evolutionary logic and theoretical construction of
real estate marketing strategies under digital transformation[11].

2. THEORETICAL FOUNDATIONS OF LIGHTWEIGHT TRANSFORMERS

2.1 Basic Principles of the Transformer

The Transformer model, introduced by Vaswani et al. in 2017, is designed for natural language tasks. It employs a
self-attention mechanism to capture dependencies between elements at any position in a sequence. In medical
image segmentation, Transformer divides the image into a series of patches and treats each patch as a sequence
input, leveraging self-attention to establish global relationships among pixels. The Transformer architecture
comprises an encoder and a decoder; the encoder stacks multiple layers of self-attention modules and feed-forward
neural networks, each equipped with residual connections and layer normalization. The self-attention mechanism
generates weighted contextual representations by computing similarities among queries, keys, and values. In
medical image segmentation applications, Transformer demonstrates unique advantages: its global receptive field
helps capture long-range dependencies between anatomical structures, enabling accurate identification of complex
organ boundaries and lesion regions. The self-attention mechanism automatically focuses on key image areas,
thereby improving the detection accuracy of subtle lesions.

2.2 Theoretical Foundations of Lightweight Design

The theoretical basis for lightweight Transformer design stems from model compression and efficient attention
computation. Model compression employs pruning techniques to remove redundant parameters; these can be
categorized into structured and unstructured pruning. Structured pruning deletes entire neurons or attention heads
to maintain a regular network structure, facilitating hardware acceleration, whereas unstructured pruning
selectively removes individual weights to achieve higher compression ratios. Quantization reduces the precision of
model weights and activations, converting 32-bit floating-point numbers to 8-bit or even 1-2-bit low-precision
representations, effectively decreasing storage requirements and computational load. Knowledge distillation
leverages a large pretrained teacher model to guide the training of a smaller student model, enabling the student to
acquire richer feature representations and maintain high performance despite a significant reduction in parameter
size.

3. DESIGN OF A LIGHTWEIGHT TRANSFORMER MEDICAL IMAGE
SEGMENTATION SYSTEM

3.1 System Architecture Design Principles

When designing a lightweight Transformer medical image segmentation system, three principles must be followed:
real-time performance, accuracy, and robustness. Clinical applications demand real-time capability, so the system
must accelerate model inference to fit clinical workflows. In surgical navigation scenarios, for instance, the frame
rate must exceed 30fps to ensure smooth visual feedback. During model architecture design, computational
efficiency must be thoroughly considered and optimized. Designers need to balance model depth and width while
adopting efficient attention computation methods. Medical image segmentation emphasizes accuracy; therefore,
segmentation precision must meet clinical diagnostic standards throughout the design process. When compressing
model size, critical feature extraction capabilities must be preserved, especially for accurately identifying subtle
lesion regions and complex anatomical structure boundaries in medical images.

3.2 Improvement Methods for Lightweight Transformers

In medical image segmentation tasks, this study proposes a series of lightweight improvements to address the high
computational complexity and large parameter count of the standard Transformer model, including sparse
attention mechanisms, modular design, parameter sharing, and weight pruning. The sparse attention mechanism,
as the core strategy for reducing Transformer computational complexity, adopts a local-window-based attention
computation method that divides the image into multiple overlapping windows; each pixel only computes attention
relationships within its own window to effectively reduce computation. A multi-scale window attention
mechanism applies different window sizes at different levels and introduces a cross-window information exchange
module at key layers to ensure global information transmission.
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3.3 Medical Image Segmentation Pipeline

Table 1: Lightweight Transformer Improvements and Performance Comparison
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The lightweight Transformer medical image segmentation system sequentially executes three key stages: data
preprocessing, model inference, and post-processing. During data preprocessing, input medical images are
standardized, including intensity normalization and scaling pixel values to [-1,1] or [0,1] to reduce variations
caused by different devices and scanning parameters. Adaptive histogram equalization is then applied to enhance
image contrast and improve the visibility of subtle structures. Non-local means filtering and similar algorithms are
used to suppress noise while preserving edge details. Window width and level are adjusted according to the
segmentation target to highlight the region of interest. During training, data augmentation techniques such as
random rotation, scaling, and flipping are introduced to expand the training set and improve model generalization.

In the model inference stage, preprocessed medical images are split into a series of overlapping patches and fed
into the lightweight Transformer network. The network first uses shallow lightweight convolutional modules to
extract local features, then leverages deep lightweight Transformer modules to capture global dependencies, and
finally generates segmentation masks through a decoder. To improve inference efficiency, the system employs a
sliding-window strategy for large medical images and accelerates computation with model quantization and batch
processing. The post-processing stage focuses on optimizing the raw segmentation results from the model,
including refining segmentation boundaries with conditional random fields (CRF), removing isolated noise and
filling small holes via morphological operations such as opening and closing, eliminating false-positive regions
through connected-component analysis, and performing structural corrections based on anatomical priors to ensure
the segmentation results conform to medical reality. The entire pipeline is designed to balance computational
efficiency and clinical practicality, enabling accurate and real-time medical image segmentation services in
resource-constrained environments.

4. SYSTEM PERFORMANCE EVALUATION AND OPTIMIZATION
4.1 Model Performance Metrics

Performance evaluation of the lightweight Transformer medical image segmentation system must be
comprehensively examined along three dimensions: segmentation accuracy, inference speed, and resource
consumption. For segmentation accuracy, this paper selects multiple metrics for quantitative analysis. The Dice
coefficient (DSC) measures the overlap between predicted segmentation and ground-truth annotation, the
Intersection over Union (IoU) directly compares the intersection and union of predicted and true regions, and
Average Surface Distance (ASD) and Hausdorff Distance (HD) assess the accuracy of segmentation boundaries
from a geometric perspective. Inference speed, a key performance indicator of this lightweight model, is mainly
measured by frames per second (FPS), and the average processing time per image is recorded to reflect the model’s
response speed in practical applications.

4.2 Experimental Design and Results Analysis

To comprehensively evaluate the performance of the lightweight Transformer in medical image segmentation
tasks, this study designed comparative experiments using multiple publicly available medical image datasets for
validation. The datasets include the Brain Tumor Segmentation Challenge dataset (BraTS), the Lung Nodule
Analysis Challenge dataset (LUNA16), the Multi-Organ Abdominal CT dataset (BTCV), and the Coronary Artery
Segmentation dataset (CAMUS). The data cover multiple imaging modalities such as MRI, CT, and ultrasound,
with segmentation targets including tumors, organs, and blood vessels. Each dataset is split into training,
validation, and test sets in a 7:1:2 ratio,
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with patient-level separation during the split to prevent data leakage. In the comparative experiments, the proposed
lightweight Transformer model is compared with three types of methods: traditional CNN architectures (e.g.,
U-Net, ResUNet, and the DeepLab family), standard Transformer architectures (e.g., UNETR, SwinUNETR, and
TransUNet), and other lightweight approaches (e.g., MobileNetV3 and ShuffleNetV2). Experimental results show
that the lightweight Transformer achieves satisfactory performance across all datasets. On the BraTS dataset, it
attains an average Dice coefficient of 0.85, only 0.02 lower than the standard Transformer, while reducing model
size by 75% and increasing inference speed by 3.5%. On the LUNA16 dataset, the lightweight model achieves an
IoU 0f 0.92, comparable to the best CNN model, with an FPS of 35, meeting real-time processing requirements. In
the BTCV multi-organ segmentation task, the model excels on large organs such as the liver and spleen, reaching
an average Dice coefficient of 0.87. On the CAMUS ultrasound dataset, the lightweight Transformer demonstrates
strong resistance to noise and artifacts, with boundary localization accuracy superior to traditional CNN methods.
The experimental results confirm that this lightweight strategy significantly reduces computational complexity
while maintaining high segmentation accuracy, offering a viable solution for real-time medical image
segmentation applications.

4.3 Optimization Directions

Based on experimental results and real-world application needs, the research team identified key optimization
directions for the lightweight Transformer medical image segmentation system. First, in the hardware acceleration
domain, adjustments were made according to the characteristics of each computing platform. On GPU platforms,
engineers implemented CUDA-based custom operators to optimize sparse attention computation and improve
parallel efficiency. In TPU environments, technicians restructured the model architecture to align with tensor
computation characteristics and fully leverage matrix multiplication acceleration units. For edge Al chips, a
dedicated model conversion tool was developed to ensure the lightweight Transformer can fully utilize hardware
computing power. Experimental data shows that hardware optimization measures increased model inference speed
by an average of 40% while maintaining the same accuracy, significantly enhancing the system’s real-time
performance.

Table 2: Performance of lightweight Transformer on different datasets
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5. CONCLUSION

This study extends the application of lightweight Transformers in the medical imaging field, proposes multiple
optimization strategies tailored to medical image characteristics, and establishes a theoretical foundation for
lightweight deep learning models. In practice, the system supports real-time surgical navigation and remote
medical diagnosis, alleviates uneven distribution of medical resources, and enhances diagnostic capabilities of
primary healthcare institutions. Future research will explore the combination of lightweight Transformers with
other deep learning methods (such as graph convolutional networks and diffusion models) to improve
segmentation performance, examine their performance in multimodal medical image segmentation to leverage
complementary advantages across different imaging modalities, and focus on optimizing deployment on
resource-constrained devices. By developing dedicated edge Al accelerators and algorithms, the system’s
application scope will be expanded to support precision medicine and inclusive healthcare development.
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