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INTRODUCTION:

As a new application of Transformer to carry out segmentation in medical image analysis, it has produced a
significant impact and good performance related to delineating tissue boundaries from laparoscopic videos.
With their capabilities for modeling dependencies by self-attention at local and global levels, Transformers
are uniquely positioned to perform this task and this innovation was spurred by the desire for better and
more robust segmentation of medical imaging problems. For transformer based methods operating in real
time, considering the most accurate identification of tissue boundaries is paramount in laparoscopic
surgeries to ensure safe surgical precision is more essential than ever, these methods demonstrate notable
advantages over typical convolutional neural networks (CNNs) based segmentation architectures [1].

Over the years, medical imaging technologies have come to be at a point that represents a tremendous
improvement over laparoscopy in surgical procedures. Despite this, the dynamic and complex nature of
laparoscopic videos have their related challenges in regard to segmenting soft tissues which do not have
clear boundaries, occlude frequently, and have high appearance variability associated with their
classification. However, there has been challenges of segmenting the complex structures of soft tissues
using segmentation models, which include U-shaped Network (U-Net) and Mask Region-based
Convolutional Neural Network (RCNN). With computers that can have sequential data processing
capabilities, and learn hierarchical representations, Transformers have come to be integrated into medical
imaging workflows [1]. Delineating tissue boundaries is the primary capability that contributes to the high
accuracy of tissue delineation, furthermore, while the presence of motion artifacts and low contrast are
present to help obscure the image quality, the presence of this noise does not diminish the delineation
process of the algorithm.

There has been reported success of application of Transformers in different medical imaging contexts. As an
example, boundary aware transformers have already demonstrated that inductive bias based on limited
receptive field will overcome this limitation to segment ambiguous skin lesion boundaries [2]. Similarly,
hybrid transformer models have been employed to increase segmentation accuracy for adaptive optics
retinal images [3]. This development extends the limits of what transformers can provide by focusing on the
specific needs of laparoscopic video analysis - including precision and flexibility.

The segmentation models are adaptive and resilient to the fast movements (shake), occlusions that will be
present during performance of minimally-invasive surgeries where they exist. For example, transformer-
based methods utilize multi-head self-attention layers and convolutional blocks, taking advantage of their
learning adaptable experience to localized and global spatial. More frequently than not, they are better than
other methods for segmenting complex structures in laparoscopic video, and we have also confirmed this.
These transformer-based architectures are scalable and can be easily utilized in real-time tasks in a
computationally efficient way. This is also true for segments in laparoscopic video, as they are also different
scales and resolutions. The SwinPA-Net uses pyramid aggregation networks to help address the variances in
lesion sizes and textures of the different types of tissue.

Accuracy to tissue boundary segmentations from laparoscopic video is clinically significant; and therefore,
must be accurate. Errors in segmentations can lead to prolonged surgery time and increase patient morbidity
due to the stress from unintentional damage to adjacent healthy tissue and structures. In response to this,
transformer architecture based models have taken advantage of their inherent accuracy and resiliency with
boundary modeling, and can model the dynamic deformation and segmentation of soft tissue, and in a time
synchronized capacity. They can incorporate GNN and depth estimation that include segmenting deforming
tissue volume, and are applicable to real time surgical scenarios.

Moreover, transformer based segmentations support the rapid transition to automated, and intelligent
surgical workflows. Augmented reality (AR) and artificial intelligence (Al) have the potential to JOIN,
congruently performed laparoscopic surgery, or in the case of their use, during intraoperative decision
making. For instance, as an example, the one research team developed an augmented reality that mapped
anatomical structures in laparoscopic video in an Al-based silhouette divide type of model imposed on a 3D
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depiction of anatomy structures.

While the transformer-based segmentation has many functional properties, their high computational
complexity and that it typically needs a large amount of data to create are considered drawbacks. In the
medical imaging context especially, acquiring a large, annotated dataset to train the uni-directional
transformers is not easy. However, there are ways to ameliorate this by pre-training the transformer models
using transfer learning [8].

The project signifies a new way forward in the development of segmentation models based on
Transformers, which is important for medical imaging (and laparoscopic video approaches). Our
transformer-based segmentation models capitalize on the power of Transformers, using them to model both-
in-the-plane global and local dependencies to segment soft tissue surfaces in real time, and hopefully also in
a clinically relevant way. As medical imaging and surgical robotics continue to develop and develop more
sophisticated use of transformations, and potentially , augmentative reality, we look to improve ranges of
laparoscopic procedures in accuracy and efficiency, and of patient outcomes. Evaluating and translating
these models to clinical environments are the first steps toward the larger vision of an intelligent and
automated surgical system.

Literature Review

Model architecture containing transformer networks have opened new realms in the medical image
segmentation field, and they demonstrate they can overcome the limitations of traditional convolutional
neural networks (CNN) with respect to long-range dependency preservation and contextual information.
Natural language processing (NLP) transformer models have been utilized to enhance medical image
segmentation accuracy and robustness for challenging anatomical structures.

For some time, traditional CNNs have dominated the medical image segmentation space solely based on
their capacity of local feature extraction.

Unfortunately, this limited receptive field prevents them from capturing global dependencies necessary for
segmenting complex medical images. However, existing research relies on convolutions that depend on a
particular geometry for capturing both local and global features, while the Transformers tackle this problem
by employing self-attention mechanisms to mimic how the human visual cortex aggregates all the
information throughout the visual field to achieve better global features [10]. Dynamic linear transformers
have been shown to be effective for 3D biomedical image segmentation with the speedups and feature
extraction on volumetric data.

Recently, the Fully Convolutional Transformer (FCT) is a notable advancement in transformer based
medical image segmentation, combining convolutional networks' local feature extraction with global
dependency modeling of transformers. Transformer-based architectures have expanded the potential of the
medical image segmentation domain and shown they can break the limitations of traditional convolutional
neural networks (CNN) with respect to preserving the long-range dependencies and context information.
Transformer models from the natural language processing arena have been harnessed to improve medical
image segmentation precision and robustness for complex anatomical structures.

For some time, traditional CNNs have dominated the medical image segmentation space solely based on
their capacity of local feature extraction.

An anisotropic transformer model [16] also aims to solve this problem by handling irregular spacing in slice
spacing in 3D datasets and improving segmentation accuracy for lung cancer imaging. Correspondingly, the
Dilated Transformer employs a new self-attention mechanism to efficiently model long-range dependency
and performs accurate CT and MRI data segmentation [17].

As an example, for integration of global and local context modeling in medical image segmentation
MissFormer is proposed. MissFormer achieves state of the art performance across various tasks including
multiorgan and cardiac segmentation [18]by redesigning transformer feedforward networks with multi scale
feature extraction. In addition, weight inflation strategies have been used to adapt pre-trained vision
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transformers from the 2D to the 3D, by applying transfer learning on medical imaging datasets [13].

To overcome their limitations the hybrid models blending CNNs and transformer have emerged as a
promising approach. For instance, TransConver has a model with a parallel module, which can provide
global context and local features in the same prediction and showed promising performance for brain tumor
segmentation [19]. The final product is U-Net Transformer [20], which merges the spatial recovery
properties of U-Net and the contextual modeling ability of transformers in an attempt to improve
performance for abdominal CT segmentation.

A number of developers are performing important collective work in finding transformer based models that
alleviate the constraints of usability and efficiency to model experiences in a clinical context. Axial Fusion
Transformer UNet (AFTer UNet) redesigned the axial attention operations to disaggregate intra slice and
inter slice dependencies in order to make correct predictions [21], while being conscientious to memory.
The thesis also introduced automatic segmentation networks that made use of both explicit edges and
reverse attention operations which also could improve boundary delineation when trained on a small data set
[22].

In summary, transformer architectures have altered the landscape of medical image segmentation, and
resilience is the evident showcase that architecture can breed from a traditional CNN, while also revealing
where transformers have opened up some gaps to model idioms both globally and locally in the same time.
The segmentation models are a much more durable foundation, and could understandably affect clinical
practice and clinical education with inconceivable impact.

The explorations in research have only just begun, as there is so much left to understand the computational
limits, but the potential has only just begun to expand the possibilities for using transformers in medical
imaging. They will continue to make a mark in medical imaging and lend transformative strategies to
negotiate the complexities of the segmentation task.

Problem Statement

Precise boundary identification of soft tissues in laparoscopic video is difficult due to smoke, specular
highlights, fast camera motion, instrument occlusion and illumination variations. The existing systems often
produce coarse masks or display imprecise contours or variable predictions across frames which hinder their
ability to serve as navigation aids for intraoperative use.

There is a need for a reliable and efficient segmentation approach that produces clean boundaries at near
real time speed and runs on a single workstation class GPU.

Aim and Objectives

Design and evaluate an efficient transformer guided segmentation system that predicts reliable tissue
boundaries in laparoscopic video at near real time speed suitable for operating room integration.

The objectives of the study are to accomplish the following:

Build a transformer guided encoder decoder with a boundary refinement head that produces accurate
contours.

Achieve means Dice and mean loU improvements over strong convolutional and transformer baselines on
laparoscopic datasets.

Meet a latency target close to one hundred milliseconds per frame on a single RTX class GPU, measured
end to end including preprocessing and postprocessing.

Report boundary quality with Hausdorff distance and average surface distance in addition to Dice and loU.

Methodology

Our work constructs a transformer model that accurately segments tissues from the frames of microscopic
laparoscopic videos. The methodology outlines how data is collected, how the model works, and how the
model is evaluated. We used the structure of the model as a guide, and the breakdown is as follows:
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Data sources

Primary source will be a cholecystectomy video set with organ level masks such as liver, gallbladder, fat,
momentum, and background. If desired this can be supplemented with an internally annotated collection of
laparoscopic frames

Sampling
Sample frames uniformly across key surgical phases to avoid bias. Maintain patient level splits to prevent
leakage.

Annotation workflow
Two trained raters will delineate organ boundaries using a standard tool. Compute inter rater agreement and
resolve disagreements through adjudication.

Preprocessing
Resize frames to a fixed square resolution such as 640 by 640. Apply illumination normalization and
optional mask for heavy specular spots.

Architecture of Transformer-Based Segmentation Model

The model design is proposed based on the following elements methodically organized to achieve the best
possible outcomes:

Input Data: Laparoscopic video frames from datasets of multiple surgical settings

Preprocessing: Normalization, data augmentation, and resolution scaling for stable input quality.

Model Structure: A novel hybrid Transformer-based model built for tissue boundary segmentation:
Self-Attention Mechanism: Adopts long-distance dependencies and relations within frames.

Extract fine-grained local features by convolutional layers.

Encoder-Decoder Architecture: Multi-scale  feature extraction (encoder) and
reconstruction of the segmentation map (decoder).

Loss Functions: A hybrid of Dice loss and cross-entropy loss for improving accurate segmentation of
complex boundaries.

Optimization Techniques: Incorporate linear attention mechanisms and regularization methods like dropout
and batch normalization to reduce computational overhead and prevent overfitting.

| Datasets }—‘ Hybrid CNN-Transformer Model ] Evaluation
Metrics

O, ()
&

CholecSegsk
Segmentation

EndoVis2018
Output Evaluation

l l Horizontal =4 '
Flippi —
Image PR
Preprocessing Vertical |
—_— Flippin } - Metrics
Vertical ‘Decoder
Flipping

Figure 1 Diagram of the Proposed Model

Resizing

Normalizing

EndoVis 2018

356



Multidisciplinary Surgical Research Annals

https://msra.online/index.php/Journal/about

Volume 4, Issue 1(2026)

Model structure

The model is an encoder decoder with skip connections and an auxiliary boundary head.
Convolutional stem to capture local edges and texture.

Transformer encoder with windowed self-attention or a linear attention variant to control memory.
Multi scale feature aggregation to pass rich context to the decoder.

Decoder with progressive upsampling and skip connections from matching encoder stages.
Boundary refinement head that learns a contour logit map and combines it with the semantic mask.
A simple architecture sketch is provided in the diagram above.

Reference configuration

Stage Output size at 640 Details
input
Conv stem 160 by 160 by C two 3 by 3 conv blocks with stride two
Transformer stage 160 by 160 by 2C depth two, heads four, window size eight
one
Transformer stage 80 by 80 by 4C depth two, heads six
two
Transformer stage 40 by 40 by 8C depth four, heads eight
three
Transformer stage 20 by 20 by 16C depth six, heads twelve
four
Decoder 160 by 160 by C four upsampling blocks with skip connections
Boundary head 640 by 640 by one one by one conv on fused features plus Sobel inspired
refinement
Segmentation head 640 by 640 by K one by one conv to K classes and softmax

Parameter count is expected in the twenty to thirty five million range depending on C and depth.

Research Plan

The research plan is divided into three main phases:

Background Study

To advance our research, it is essential to study all Transformer model types applied in medical imaging,
along with their associated prior work. A particular focus should be placed on video segmentation
challenges in laparoscopic procedures. By thoroughly examining existing literature, we can adapt and refine
our model design to incorporate key findings and best practices from past research. The proposed model
design involves the development of a Transformer based segmentation framework specifically optimized for
real-time analysis of laparoscopic videos. This design integrates hybrid attention mechanisms and
emphasizes computational efficiency, aiming to effectively manage the complex and dynamic nature of
surgical environments.

Implementation

The proposed model will be implemented using Python, leveraging the PyTorch and Hugging Face libraries
for the integration of Transformer components. There are multiple aspects that need to be accounted for
during the implementation. For datasets, publicly available laparoscopic datasets will be used, and clinical
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datasets from collaborating institutions. The datasets will be randomized and divided into training (70%),
validation (20%), and testing (10%) datasets for the development and evaluation of the model.

During training, U-shaped architecture will be developed that will have the Transformers in the encoder,
which will allow us to have multiple layers and extract nested features hierarchically. To improve
computation efficiency, the model will employ linear attentions and regularizations. The model will perform
training on GPUs to maximize efficiency. Hyper parameters will be varied according to an internal grid
search, and with Bayesian optimization methods for determining the best parameters.

For evaluation, segmentation accuracy will be reported using the Dice Similarity Coefficient (DSC) and
Intersection over Union (loU) metrics, and evaluating latency for determining the performance for real-time
surgical applications.

Experimental Testing and Evaluation

The model will be further tested within a simulated surgical environment that reflects realistic laparoscopic
conditions, including motion artifacts, tissue deformation, and lighting changes. This environment allows us
to test the model's robustness and adaptability while the surgical conditions are dynamic. The integration
with the surgical simulator will pay special attention to real-time performance with a major performance
consideration being to maintain predictions at or below 100 milliseconds per frame during testing. This is
important to demonstrate the model's potential for intraoperative support and guiding surgical procedures in
real-time.

Socio Economic Impact

The socio-economic impact of developing reliable transformer-based segmentation for laparoscopic
surgeries is considerable. From a healthcare perspective, improved boundary detection minimizes surgical
errors, reduces operation time, and lowers the risk of complications, which collectively enhance patient
safety and recovery outcomes. These improvements directly translate into reduced hospitalization costs,
fewer readmissions, and more efficient utilization of healthcare resources. On a broader economic scale,
shorter recovery periods allow patients to return to work sooner, thereby decreasing productivity losses for
individuals and society. Additionally, the integration of advanced computational methods in surgical
practice fosters innovation within the medical technology sector, stimulating investment, job creation, and
skills development in both healthcare and computational research fields. In resource-constrained settings,
such innovations can optimize the use of limited medical staff and infrastructure, ultimately contributing to
more equitable access to quality healthcare.
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