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Abstract

Accurate multi-organ semantic segmentation in laparoscopic surgery videos is
essential for computer-assisted interventions, enabling organ recognition, instrument
tracking, and context-aware guidance. However, surgical scenes exhibit several intrin-
sic challenges: large non-rigid organ deformations, occlusions caused by instruments
or blood, rapid viewpoint changes, motion blur, and heterogeneous lightning. These
factors undermine the temporal stability and boundary precision of conventional
single-frame segmentation networks. To overcome these limitations, this thesis pro-
poses SSTC-Seg, a deformable memory-based multi-scale architecture specifically
designed to enforce spatial adaptivity and temporal coherence in minimally invasive
surgical environments.

SSTC-Seg integrates three complementary components into a unified, end-to-end
trainable architecture. First, a deformable multi-scale encoder —combining de-
formable convolutions, multi-scale feature extraction, and lightweight self-attention—
adapts receptive fields to non-rigid anatomical structures while capturing both fine-
grained and global contextual cues. Second, a memory-based attention mechanism
aggregates information from a memory bank of past frames embeddings through
stacked self-attention and cross-attention blocks. This temporal reasoning module
enables robust mask propagation under occlusions, abrupt appearance changes, and
rapid motion. Third, a new Hierarchical Dense CRF (HD-CRF) performs multi-
resolution, deformable message passing guided by image features, skip connections,
and edge cues to sharpen organ boundaries and reduce spurious predictions.

The model is evaluated on two challenging datasets: CholecSeg8k, comprising
thousands of diverse laparoscopic frames, and the Dresden Surgical Anatomy dataset,
which is considerably smaller and characterized by strong class imbalance to test
its adaptivity. On CholecSeg8k, SSTC-Seg systematically outperforms established
baselines —including U-Net, PSPNet, CFPNet-M, and MFCPNet (the last two mod-
els being designed specifically for medical image segmentation)— across Accuracy,
Dice Cefficient, Jaccard Index, and Hausdorff Distance 95, with particularly notable
improvements on highly deformable organs and surgical tools. Experiments on Dres-
den reveal that while SSTC-Seg maintains strong performance on well-represented
classes, its complexity poses challenges in extremely low-data regimes, where simpler
models occasionally excel. Ablation studies also confirm the essential contributions
of deformable convolutions, memory-based temporal integration, and per-class seg-
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mentation heads to overall robustness and boundary fidelity.

In summary, SSTC-Seg advances the state of multi-organ video segmentation by
combining spatial adaptivity, temporal consistency, and structured refinement into
a cohesive framework. Although its computational cost currently limits real-time
applicability, the proposed design offers a powerful foundation for future surgical scene
understanding systems and represents a meaningful step toward reliable, clinically
deployable computer-assisted surgical tools.
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Chapter 1

Introduction

1.1 Background and Motivation

Minimally invasive surgery has transformed modern clinical practice by reducing
patient trauma, shortening recovery times, and enabling procedures that would
otherwise require open approaches [1] [2]. Among these techniques, laparoscopic
surgery is one of the most widely adopted. It relies heavily on the surgeon’s ability
to interpret a continuous video stream captured by an endoscopic camera. Within
this constrained and dynamic visual environment, automatically identifying and
delineating anatomical structures—or semantic segmentation—plays an increasingly
central role in surgical data science.

Reliable segmentation assists a range of intraoperative technologies: decision-
support systems, robot-assisted workflows, context-aware warnings, surgical skill
assessment, and autonomous navigation. Despite this importance, performing multi-
organ segmentation in laparoscopic videos remains an exceptionally difficult computer
vision problem. Unlike static medical images such as CT or MRI scans, laparoscopic
footage presents severe challenges: soft tissues undergo irregular and continuous
deformation, surgical instruments and fluids frequently occlude organs, specular
highlights distort appearance, and the endoscope’s motion induces blur and abrupt
viewpoint changes [3].

These factors create scenarios in which pixel-level predictions from standard
convolutional neural networks (CNNs) tend to fluctuate, producing fragmented
boundaries and inconsistent temporal behaviour. In practice, such instability limits
the usefulness of segmentation models during surgery, where continuity and anatomi-
cal coherence are essential. This motivates the need for architectures that can reason
not only spatially—capturing the shape and texture of organs—but also temporally,
incorporating information from past frames to maintain stability across motion,
occlusion, and deformation.
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Figure 1.1: Example of a laparoscopic view.

1.2 Problem Definition

Most existing segmentation networks for laparoscopic scenes operate in a strictly
frame-wise manner: each image is processed independently, and no mechanism ex-
plicitly propagates information through time [4]. While multi-scale CNNs such as
U-Net [5], PSPNet [6], or MFCPNet [7] are effective at capturing hierarchical spatial
features, they struggle with temporal consistency. When an organ becomes partially
hidden or its appearance shifts quickly, these models often produce flickering masks
that lack anatomical continuity.

Recent advances in video segmentation, such as SAM2 [8], introduce memory
mechanisms that store and retrieve embeddings from previous frames. These ar-
chitectures have shown strong performance in general video tasks, especially when
guided by user prompts. However, they are not designed for fine-grained, densely
annotated medical data, and their reliance on interactively provided prompts makes
them unsuitable for fully automated intraoperative workflows.

At the same time, techniques such as deformable convolutions and dense Condi-
tional Random Fields (CRFs) address complementary aspects of the segmentation
challenge. Deformable convolutions adapt receptive fields to irregular shapes, which
is crucial for modeling organic tissue deformation. CRFs can refine mask boundaries
and enforce spatial coherence. But these components are rarely combined with
temporal reasoning, and classical CRFs are often rigid, single-scale, and limited in
their ability to adapt to the complex appearance variations seen in surgical videos.

Therefore, the core problem addressed in this work is the development of a unified
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framework capable of:

1. capturing robust multi-scale spatial representations of highly deformable tissues;

2. leveraging temporal context to maintain segmentation stability across frames;

3. refining predictions to produce anatomically consistent boundaries;

4. operating without external prompts, making it suitable for real surgical datasets.

In practice, developing robust segmentation models is further constrained by lim-
itations in data availability. Pixel-wise annotations in surgical videos require expert
knowledge and significant manual effort, resulting in datasets that are comparatively
small and often imbalanced. These factors complicate generalization, particularly for
structures that appear infrequently or exhibit highly variable shapes across procedures.

Additionally, intraoperative settings impose strict real-time requirements. Models
must process high-resolution video at sufficient frame rates to avoid latency that could
interfere with a surgeon’s perception or a robotic system’s control loop. Achieving
high accuracy while maintaining computational efficiency remains an open challenge,
especially for architectures relying on large attention mechanisms or deep multi-scale
pipelines.

These constraints highlight the need for segmentation frameworks that balance
spatial detail, temporal stability, and computational feasibility. Designing such a
system—capable of performing reliably across diverse scenes, motion patterns, and
lighting conditions—constitutes the central problem addressed in this thesis.

1.3 Thesis Objectives and Contributions

The overarching objective of this thesis is to design and evaluate a segmentation ar-
chitecture specifically tailored to the unique challenges of laparoscopic video analysis.
Building on the limitations of existing approaches, the proposed network—named
SSTC-Seg—aims to combine spatial adaptivity, temporal memory, and probabilistic
refinement within a single end-to-end trainable system.

The main contributions of this thesis are as follows:

• A deformable, multi-scale feature extraction strategy.
The architecture integrates deformable convolutions with multi-scale feature extrac-
tion to better adapt to the irregular shapes and large deformations characteristic of
soft tissues.

• A memory-based temporal attention mechanism.
Inspired by recent video segmentation models, SSTC-Seg embeds a learnable memory
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module that stores condensed representations of past frames and uses them to guide
current predictions. This allows the model to maintain temporal consistency even
under occlusion or fast motion.

• A trainable Hierarchical Dense CRF (HD-CRF).
To sharpen boundaries and enforce spatial coherence, a multi-resolution CRF is incor-
porated directly into the network pipeline. It leverages deformable bilateral filtering
and guidance features to refine predictions without relying on rigid, hand-crafted
kernels.

• A unified segmentation framework for surgical video data.
The combination of deformable convolutions, temporal memory attention, and hier-
archical CRF refinement yields a model that is robust to deformation, illumination
changes, occlusions, and motion—conditions that frequently occur in the operating
room.

Beyond these core components, an additional objective of this thesis is to examine
how each architectural element contributes to overall segmentation quality. In highly
dynamic surgical scenes, performance often depends not only on the choice of indi-
vidual modules but also on the interactions between them. For instance, temporal
memory is most effective when paired with features that are themselves spatially
stable, while CRF-based refinement benefits from the richer contextual information
produced by multi-scale encoders. Evaluating these relationships provides insight
into how spatial and temporal cues can be jointly optimized for medical video analysis.

These contributions collectively advance the state-of-the-art in automated laparo-
scopic scene understanding and address the specific requirements of surgical data
science applications.

1.4 Structure of the Thesis

This thesis is organized into seven chapters.

Chapter 1 introduces the problem of semantic segmentation in laparoscopic
surgery, outlines the unique challenges of video-based medical analysis, and presents
the objectives and contributions of the proposed work.

Chapter 2 reviews relevant literature, including multi-scale CNN architectures,
deformable convolutions, memory-based video segmentation frameworks, and CRF-
based refinement strategies. This chapter highlights the strengths and limitations of
existing methods and situates SSTC-Seg within this landscape.

13



Introduction

Chapter 3 describes the proposed SSTC-Seg architecture in detail. It presents
the multi-scale deformable encoder, the memory attention module, the decoder
structure, the hierarchical CRF refinement stage, and the memory encoding and
storage mechanisms.

Chapter 4 outlines the datasets used in this study—CholecSeg8k and the Dresden
Surgical Anatomy dataset—focusing on their characteristics, labeling protocols, and
challenges.

Chapter 5 details the experimental setup, baseline comparisons, evaluation metrics,
and results. Both quantitative and qualitative assessments are provided, illustrating
the strengths and limitations of the proposed method relative to state-of-the-art
models.

Chapter 6 discusses the implications of the results, analyzes failure modes, and
addresses the model’s computational constraints and limitations.

Chapter 7 concludes the thesis by summarizing the work accomplished and
proposing potential directions for future research, including opportunities for real-
time optimization and broader applicability across surgical domains.

Although each chapter focuses on a specific aspect of the research, the overall
progression reflects the incremental development of the proposed system.
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Chapter 2

Related Works

2.1 MFCPNet

In 2025, Hou et al. introduced MFCPNet [7], a medical image segmentation net-
work designed to extract multi-scale and multi-channel features, at both local and
global levels, by extending a classic convolutional U-Net [5], using two main modules:
MSMCConv and AttnBlock.

Beyond introducing new modules, MFCPNet was motivated by a central lim-
itation in classical U-Net style architectures: while U-Net aggregates multi-scale
features through its contracting–expanding pathway, it processes each scale with
identical kernel structures that do not explicitly differentiate local textures from larger
spatial patterns. This becomes especially problematic in medical imaging, where
anatomical structures often exhibit highly diverse spatial footprints: fine details such
as vessel boundaries co-exist with large homogeneous regions such as parenchymal
tissue. Conventional convolutions typically require deeper layers or enlarged kernels
to approximate such variability, resulting in higher computational costs or loss of
precision. MFCPNet directly addresses this imbalance by embedding scale diversity
within each layer rather than relying solely on depth.

Multi-Scale Multi-Channel Convolution Using parallel convolutional branches
is a common strategy in image segmentation networks [9], and MSMCConv extends
depthwise–separable convolutions by applying three parallel depthwise convolutions
per channel with kernel sizes 3× 3, 5× 5, and 7× 7. Let f3, f5, and f7 be the outputs
of these depthwise paths. These are concatenated and merged via a 1× 1 pointwise
convolution:

fMSMC = Conv1×1
#
f3, f5, f7

$
.

This formulation can also be interpreted as an implicit frequency decomposition:
the 3× 3 branch emphasizes high-frequency edges and abrupt transitions, the 5× 5
branch captures intermediate textures and soft contours, and the 7× 7 branch aggre-
gates low-frequency contextual information. Similar multi-kernel computer vision
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designs have shown improved representation capacity by jointly capturing high-, mid-,
and low-frequency contextual structures [10].

This design captures both fine local details (small kernels) and broader context
(large kernels) with significantly fewer parameters and FLOPs than naïve large-kernel
convolutions.

Self-Attention Block The Self-Attention Block in MFCPNet comprises three
stages:

1. Implicit Positional Encoding via DWConv. A depthwise convolution
embeds relative positional biases directly:

fp = DWConv(f) + f,

enabling adaptive positional cues without learned absolute embeddings.

2. Sparse Region-Based Attention (BRA). After layer normalization, the
feature map is partitioned into non-overlapping S × S regions. For each region
r, queries Qr, keys Kr, and values Vr are projected. An adjacency matrix
Ar = QrK⊤

r identifies the top-k most relevant regions. Attention is then
computed only over these selected key–value pairs:

Or = Attention(Qr, Kg, Vg) + DWConv(Vr),

reducing complexity while preserving global understanding.

Sparse or region-restricted attention mechanisms have been proposed as ef-
ficient alternatives to full self-attention in large-resolution feature maps [11],
and the BRA mechanism provides an efficient compromise between fully global
attention and purely local feature mixing. By operating only on the most
relevant regions, the model implicitly learns a notion of regional saliency, which
proves particularly useful in surgical scenes where some anatomical structures
dominate the field of view while others appear only sporadically. This asymme-
try enables MFCPNet to redirect computational resources where they matter
most, strengthening its robustness against occlusions, abrupt camera motion,
and illumination shifts.

3. Global Refinement via MLP-Mixer. A two-step MLP-Mixer refines Or:
first a token-mixing MLP across spatial positions, then a channel-mixing MLP
across feature channels, each with residual connections. This yields fglobal,
improving rotational invariance and generalization. Such MLP-based global
mixing approaches have proven effective for capturing long-range dependencies
[12].
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While MSMCConv enhances local and regional representation, MFCPNet com-
plements it with a lightweight attention mechanism designed to capture long-range
dependencies without incurring the high computational footprint of full-transformer
blocks. This type of hybrid design has gained traction in recent medical segmentation
architectures, as anatomical structures often exhibit relationships that extend well
beyond the local neighborhood—for instance, the spatial alignment between organs
or consistent edges across deforming tissue. The Self-Attention Block in MFCPNet
is specifically engineered to extract such global cues in a constrained and computa-
tionally friendly manner.

At each stage, the MSMCConv and SelfAttnBlock modules are executed in paral-
lel, and their outputs are then fused before being downsampled.

By coupling MSMCConv’s local multi-scale feature aggregation with the sparse,
region-aware attention and MLP-Mixer refinement, MFCPNet achieves efficient,
real-time segmentation with strong boundary delineation and global consistency.

2.2 Deformable Convolutions

In 2017, Dai et al. introduced Deformable Convolutional Networks (DCN) [13]. The
motivation behind deformable convolutions arises from a fundamental limitation
of classical CNNs: their sampling grid is fixed and spatially invariant. While this
rigidity is effective for recognizing structured geometric patterns, it becomes a major
bottleneck when dealing with objects subject to non-rigid deformations— a hallmark
of anatomical and surgical environments. Organs shift, stretch, compress, and rotate
in ways that cannot be fully captured by standard convolutional kernels, even with
deep hierarchies or multi-scale designs. Deformable convolution alleviates this rigid-
ity by dynamically adjusting the sampling positions based on the local content of
the image. DCN augment standard convolutions with learnable, image-conditioned
sampling offsets, enabling the kernel to adapt its shape to object geometry.

In a regular convolution the output at location p0 is:

y(p0) =
Ø

pn∈R
w(pn)

#
x(p0 + pn)

$
,

where R is the kernel’s fixed grid (e.g. a 3 × 3 neighborhood) and w(pn) are the
weights. DCN adds offsets {∆pn}:

y(p0) =
Ø

pn∈R
w(pn)

#
x

!
p0 + pn + ∆pn

"$
.

Since p0 + pn + ∆pn may be fractional, the input feature is sampled via bilinear
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interpolation:
x(p) =

Ø
q

G(q, p) x(q),

with:
G(q, p) = max(0, 1− |qx − px|) max(0, 1− |qy − py|).

The use of bilinear interpolation ensures differentiability with respect to both the
feature values and the offsets, allowing gradient-based optimization to learn spatial
offset patterns that correspond to meaningful anatomical variations. This makes
deformable convolutions particularly well suited for medical segmentation tasks in
which the boundaries between organic shapes exhibit soft transitions or irregular
contours [14]. Instead of relying solely on learned filter weights to approximate these
shapes, the network directly adapts its receptive field to follow them.

Both the offsets ∆pn and weights w are learned end-to-end, with offsets produced
by a parallel convolutional layer over the same inputs.

The flexibility that deformable convolutions bring to classical rigid grids allows a
better feature extraction for organic shapes.

Recent variants of deformable convolutions have extended the concept further
by introducing modulation scalars, like DCNv2 [15], or multi-level offset learning
and attention-driven offset prediction, like DCNv3 and DCNv4 [16]. Such variants
improve the stability of sampling patterns and allow the network to focus even
more selectively on salient structures. Although SSTC-Seg employs the classical
DCNv2 formulation for computational efficiency purposes, the underlying principles
remain consistent: embedding geometric adaptivity directly into the convolutional
kernel substantially enhances the model’s ability to parse deformable anatomy in
laparoscopic footage.

2.3 Video Segmentation via Streaming Memory

Traditional frame-by-frame segmentation approaches fail primarily because they lack
mechanisms for temporal persistence. In 2024, Ravi et al. introduced SAM2 [8], a
model that extends image-level segmentation to videos by equipping the already-
existing static SAM architecture (Kirillov et al., 2023) [17] with a streaming memory
that records and recalls semantic cues across frames. Instead of segmenting each
frame independently, SAM2 processes frames sequentially through its image encoder
and conditions mask predictions on a learnable buffer of past embeddings.
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Memory Bank SAM2 maintains a fixed-size FIFO buffer of memory features
(fused image and mask embeddings from past frames). At each time step, the current
frame’s features are enqueued and the oldest entry evicted when capacity is reached.
The FIFO constraint of the memory bank implicitly enforces a temporal horizon,
allowing the model to focus on the most recent context while discarding obsolete
representations. However, the size of the buffer remains a critical hyperparameter:
too small and the model loses context under occlusion, too large and irrelevant
information may dominate the attention mechanism.

Memory Encoder Before storage, per-class mask logits are passed through a
convolutional module and residually fused with the image encoder’s output. This
projection aligns mask and appearance cues in the same embedding space, ensuring
compatibility for attention operations. This projection step serves as a semantic
alignment mechanism that allows the memory to store information not only about
raw appearance but also about previous segmentation decisions. The use of dedicated
memory encoders and key-value storage was popularized by Space-Time Memory Net-
works [18], which demonstrated strong mask propagation performance. By preserving
class-specific evidence within the memory structure, SAM2 effectively captures high-
level continuity.

Memory Attention A stack of A transformer-style blocks refines the current
frame’s embedding by performing both self-attention and cross-attention.

This cross-frame attention enables robust mask propagation through occlusions,
deformations, and rapid motion.

By streaming a compact history of semantic and spatial representations, SAM2
delivers a coherent mask propagation over long video sequences.

Despite its effectiveness in general video segmentation, SAM2 remains a prompt-
able model, meaning that it relies on user-provided prompts such as bounding boxes,
points, or textual cues to guide the segmentation process and exploit its full poten-
tial. This interactive design is not the most suitable for laparoscopic surgery video
segmentation datasets, as most of them are only provided with only the semantic
masks.

Recent efforts such as Medical SAM 2 (Zhu et al., 2024) [19] adapt this pair of
memory mechanism and promptable segmentation frameworks to medical imagery,
but still depend on user interaction. And even in laparoscopic surgery videos, where
prompts-enriched datasets are too scarce, it shows that segmentation using streaming
memory is the way to go.

Despite these strengths, challenges remain in applying SAM2-like architectures
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to dense medical segmentation. Their design presumes the availability of interactive
prompts, and their feature extraction mechanism is optimized for general video scenes
rather than fine-grained organ-level segmentation. Nonetheless, their core principle—
the use of streaming memory to stabilize predictions across time—provides a strong
foundation upon which specialized medical architectures such as SSTC-Seg can
expand.

2.4 CRF-based Smoothing

Conditional Random Fields (CRFs) have long been employed as a post-processing
step to improve segmentation smoothness and enforce spatial consistency between
neighboring pixels. Early works modeled the segmentation map as a Markov Random
Fields with unary potentials from a CNN and pairwise terms encouraging adjacent
pixels with similar color or texture to share labels.

In early deep learning literature, CRFs were often positioned as complementary
modules that corrected systematic biases in CNN outputs. While CNNs excel at
learning semantic categories, they tend to struggle with precise localization due to
pooling operations and the inherent smoothness of learned filters. CRFs bring back
pixel-level precision by modeling fine-grained local interactions, effectively recovering
boundaries that CNNs blur. This division of labor—CNN for semantics, CRF for
geometry—has been a recurring theme in segmentation research.

The DenseCRF framework popularized by Krähenbühl and Koltun (2012) [20]
introduced fully connected pairwise potentials and efficient mean-field inference,
substantially sharpening object boundaries in natural-image segmentation. Subse-
quent medical-imaging studies adopted DenseCRFs to refine coarse CNN outputs
and reduce spurious predictions along organ borders, from brain tissues (Chen et al.,
2018) [21] to lung fields segmentation (Li et al.,2021) [22].

However, classical CRFs rely on hand-crafted Gaussian kernels and fixed pairwise
weights that cannot easily adapt to complex anatomical variations or heterogeneous
illumination conditions often found in laparoscopic surgery videos. Moreover, they
operate only at single resolution and treat spatial relationships as rigid, limiting their
effectiveness when organs deform or occlusions occur over time.

To address these issues, hierarchical and associative CRF variants (Ladický et al.,
2013; Zhang et al., 2015) [23][24] extended the model to multi-scale representations
and inter-class dependencies, enabling structured refinement across object parts and
semantic levels.

These works show that a medical segmentation network could benefit from the
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refinement of a CRF which has characteristics derived from both DenseCRFs and
hierarchical variants.
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Chapter 3

Network Architecture

3.1 Overview of the Pipeline

Our SSTC-Seg network processes an input video sequence in five stages (see Fig. 3.1):

Stage 1 - Frame Encoding
Each raw RGB frame is passed through a multi-scale, deformable convolutional
encoder to extract rich spatial features at multiple resolutions.

Stage 2 - Memory Attention
A multi-head attention mechanism is performed between the extracted features and
the results of the last F frames to enforce spatial consistency.

Stage 3 - Mask Decoding
The fused features are decoded back to a full-resolution mask using a shared heavy-
decoder and class-specific segmentation heads.

Stage 4 - Hierarchical Dense CRF
The coarse decoder outputs are recursively refined with a hierarchical, dense CRF
module to enforce even more spatial consistency, and also sharpen boundaries.

Stage 5 - Memory Encoding and Bank
Segmentation predictions (and their extracted features) from previous frames are
encoded into a fixed-size memory representation and stored in a rolling memory bank
of the last F frames.

This staged design follows the classical encoder–reasoning–decoder paradigm but
extends it along both the spatial and temporal dimensions. Instead of treating each
frame as an isolated image, SSTC-Seg explicitly couples frame-wise feature extraction,
memory-based temporal reasoning, and probabilistic refinement into a single unified
pipeline. As a result, the network can simultaneously address three core challenges of
laparoscopic video analysis: geometric deformation of organs, appearance variability
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Figure 3.1: Overview of the SSTC-Seg pipeline. Frames are processed streamingly,
being sent one at a time to the Frame Encoder for feature extraction, and then
to the Memory Attention module to be cross-attended with memories. From that
point, the Mask Decoder predicts the segmentation masks for the current frame and
the HD-CRF refines these predictions. Finally, the Memory Encoder transform the
predictions, along their associated extracted features, into embeddings that are store
into the Memory Bank for next frames’ predictions.

over time, and the need for temporally consistent masks that do not flicker across
consecutive frames.

This gating of spatial deformability, temporal memory, and CRF smoothing
allows SSTC-Seg to robustly track organ outlines even under occlusion, rapid motion,
and large deformations.

3.2 Frame Encoder

The Frame Encoder extracts multi-scale feature representations from each input
frame before temporal or memory-based processing. It is composed of E consecutive
Encoder Blocks. At each block i ∈ {1, . . . , E} the spatial resolution is halved (except
in the final block) and the number of feature channels doubles, yielding a coarse-
to-fine hierarchy of feature maps and intermediate skip connections for subsequent
decoding.

This hierarchical organization is crucial for semantic segmentation in surgery.
Fine-resolution layers preserve detailed appearance cues such as organ edges and
instrument contours, while coarser layers encode global spatial relationships between
multiple structures in the scene. The skip connections linking encoder and decoder
ensure that this information is not lost during downsampling, enabling precise local-
ization even when the bottleneck representation is heavily compressed.

Let the input tensor be:
x0 ∈ RC0×H×W ,

where C0 is the number of input channels (e.g., 3 for RGB) and H, W are the frame
height and width. We set a base channel dimension D = 64. Then, at block i the
feature dimensionality is:

Ci = D × 2 i−1,
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Figure 3.2: Encoder Block architecture. SSTC-Seg uses modules heavily inspired
by the MSMCConv and Self-Attention modules from MFCPNet [7], and leverages
the adaptability of deformable convolutions to optimize organic feature extraction.
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and the spatial resolution is:

(Hi, Wi) =
!
H/2min(i−1,E−1), W/2min(i−1,E−1)".

From an implementation perspective, this schedule of doubling channels while
halving spatial resolution at each level follows the common design of modern en-
coder–decoder architectures, striking a balance between representational capacity and
computational cost. Early layers focus on dense, high-resolution representations with
relatively few channels, whereas deeper layers trade spatial detail for richer, more
abstract features. This is particularly advantageous in surgical videos, where local
details must be preserved but global context remains essential for disambiguating
visually similar tissues.

Encoder Block Structure

Each Encoder Block performs:

1. Initial 3×3 Convolution + BatchNorm + ReLU:

y1 = ReLU
!
BN(Conv3× 3(xi−1; Ci−1 → Ci, stride = s))

"
,

where s = 2 if downsampling (for i < L), else s = 1.
The initial convolution thus serves two purposes: it performs the necessary
spatial downsampling (when s = 2) and projects the input into the appropriate
feature dimension Ci. The combination of batch normalization and ReLU
activation stabilizes training and introduces non-linearity, ensuring that the
subsequent deformable and attention-based modules operate on well-conditioned
feature maps.

2. Deformable Multi-Scale Multi-Channel Convolution (DeformMSM-
CConv): Three parallel deformable, depthwise-separable convolutions with
kernels 3× 3, 5× 5, and 7× 7 are applied to y1, then concatenated and fused
via a 1× 1 pointwise convolution, producing y2 ∈ RCi×Hi×Wi .
Because these convolutions are depthwise-separable and deformable, the block
achieves a large effective receptive field without incurring the full cost of dense
convolutional kernels. The learned offsets allow each kernel to align itself with
salient structures such as organ boundaries, while the multi-scale configuration
captures both small and large anatomical details. This is particularly beneficial
in frames where multiple organs or tools occupy different scales in the same
image.

3. Self-Attention Block: A lightweight attention module also refines y1 in
parallel of DeformMSMCConv by:
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• Applying depthwise 3× 3 conv + LayerNorm

• Unfolding into patches of size k × k (default k = 5)

• Applying multi-head attention (h = 8 heads)

• Applying a residual MLP with skip connections

to yield y3 ∈ RCi×Hi×Wi .

4. Fusion and Skip Extraction: The DeformMSMCConv and Self-Attention
block outputs are then fused:

yout = ReLU
!
Conv1× 1(y3 + y4)

"
.

For i < E, yout is stored in the skip list for a later Mask Decoder fusion.

By combining deformable sampling, multi-scale convolution, and localized self-
attention within each block, the Frame Encoder produces a hierarchy of robust
feature maps that can flexibly adapt to the highly deformable and occluded anatomy
encountered in laparoscopic videos.

An additional advantage of this design is its modularity: the number of Encoder
Blocks E can be adapted to the available computational budget without requiring
major architectural changes. In all cases, the DeformMSMCConv and Self-Attention
components remain the key primitives driving representation quality.

3.3 Memory Attention

The Memory Attention module integrates information from a learned Memory Bank
of past frame embeddings into the current-frame representation, enabling robust
mask propagation across occlusions and large deformations. It consists of A identical
Attention Blocks, each comprising self-attention, cross-attention over memory, and a
feed-forward update, all wrapped in residual connections and layer normalization.

Conceptually, this module acts as a temporal extension of the encoder: instead
of operating solely on spatial neighborhoods within a single frame, it learns to relate
pixels across time by querying a bank of previous embeddings. This allows the
network to exploit temporal redundancies—objects that persist across frames— and
to recover from transient artifacts such as specular highlights, smoke, or partial
occlusions that might compromise single-frame predictions.

Inputs and Embedding Layout

Let the encoded feature map of the current frame be:

Ft ∈ RC×H×W ,
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Figure 3.3: Attention Block architecture. Each block first performs self-attention
solely on its input, then performs cross-attention with the memory, and finishes with
a simple multi-perceptron layer.
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which we reshape into a sequence of N = H ×W tokens:

X ∈ RN×D, D = C.

Representing the feature map as a sequence of N tokens allows us to leverage
standard transformer-style attention mechanisms. This tokenization is the key step
that bridges convolutional feature extraction and sequence-based temporal processing.

Similarly, up to F past frame embeddings are stored in a memory bank:

{Mtf
}Ff=1, Mtf

∈ RC×H×W ,

and reshaped into:
M ∈ R(FN)×D.

Attention Block Structure

Each of the A blocks applies the following sub-layers in sequence, with residual
additions around each:

1. Self-Attention on Current Frame:

• Apply LayerNorm to X.
• Perform multi-head self-attention across the N tokens:

X ′ = SelfAttn(LayerNorm(X)) + X.

From a functional viewpoint, this step refines the current frame’s representa-
tion by allowing each token to aggregate information from all other positions
within the same frame. As a result, spatially distant but semantically related
regions—such as different parts of the same organ separated by an instru-
ment—can directly exchange information, improving intra-frame consistency
before any temporal reasoning is applied.

2. Cross-Attention with Memory:

• Apply LayerNorm to X ′.
• Use X ′ as queries and M as keys and values in multi-head attention:

X ′′ = CrossAttn
!
LayerNorm(X ′), M

"
+ X ′.

Cross-attention with memory then enables explicit modeling of temporal re-
lations. Tokens in the current frame can attend to those in past frames that
carry similar features, effectively retrieving historical evidence about the same
anatomical region. This is particularly helpful in challenging cases where the
current observation is ambiguous or degraded: the model can fall back on
earlier, clearer views stored in the memory bank.
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3. Feed-Forward Update:

• Apply LayerNorm to X ′′.

• Pass through a two-layer MLP with expansion factor 4 and GELU activa-
tion:

X ′′′ = MLP
!
LayerNorm(X ′′)

"
+ X ′′.

The feed-forward MLP, together with residual connections and layer normaliza-
tion, ensures that the transformed features remain expressive and stable during
training. It also introduces additional non-linearity.

By stacking A such blocks, the model iteratively refines spatial consistency (via
self-attention) and temporal coherence (via cross-attention).

Output

After A blocks, the final token sequence Xout ∈ RN×D is reshaped back to

RC×H×W ,

and passed to the Mask Decoder. Through residual cross-attention, the Memory
Attention module ensures that segmentation features remain coherent even under
rapid organ motion and occlusion.

In summary, the Memory Attention module serves as the central temporal reason-
ing engine of SSTC-Seg. By repeatedly alternating self-attention and cross-attention,
it embeds a notion of short-term memory directly into the feature space. This design
choice simplifies optimization while preserving the capacity to model complex motion
patterns present in laparoscopic videos.

3.4 Mask Decoder

The Mask Decoder reconstructs full-resolution segmentation masks by progressively
upsampling the enriched feature maps and fusing encoder skip-connections. It consists
of a sequence of weight-shared Decoder Blocks across all classes, followed by 1× 1
lightweight per-class mask convolutional heads.

Importantly, the decoder operates on features that have already been enriched by
temporal attention. This means that each upsampled feature map implicitly encodes
both spatial context from the encoder and temporal context from the Memory Atten-
tion module. The decoder therefore acts as the final stage where these multi-scale,
multi-frame cues are fused into a dense segmentation map at the original resolution.
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Figure 3.4: Decoder Block architecture. SSTC-Seg uses modules heavily inspired
by the decoder from MFCPNet.
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Decoder Block Structure

Each Decoder Block takes as input:

xi ∈ RCi+1×Hi×Wi and si ∈ RCi×Hi×Wi ,

where xi is the feature map from the previous (deeper) stage and si is the corre-
sponding encoder skip-connection. It computes:

1. Transposed Convolution Upsample:

u = ConvTranspose2d
!
xi; Ci+1→Ci

"
(with stride = 2, kernel size = 2)

2. Spatial Alignment (if needed):

u← Interp
!
u, size = (Hi, Wi)

"
via bilinear interpolation.

3. Skip Fusion:
f = u + si.

This skip fusion mechanism restores high-frequency information that may have
been lost during downsampling and attention processing.

4. 3×3 Convolution + BatchNorm + ReLU:

f ′ = ReLU
!
BatchNorm(Conv3× 3(f ; Ci→Ci, ))

"
(with padding = 1)

5. Deformable Multi-Scale Multi-Channel Convolution Refinement:

xi−1 = DeformMSMCConv
!
f ′; Ci→Ci

"
,

which applies parallel deformable, depthwise-separable kernels of sizes 3× 3,
5× 5, and 7× 7 with learned offsets, then fuses them via a 1× 1 convolution.
By mirroring the DeformMSMCConv design of the encoder, the decoder ensures
that geometrically adaptive processing is applied not only during feature extrac-
tion but also during reconstruction. This symmetry helps the network maintain
precise alignment between features and underlying anatomy throughout the
entire downsampling–upsampling path, which is essential for high-quality mask
boundaries.

Let A-1 be the number of Decoder Blocks (equal to the Frame Encoder depth
minus 1, as the last Encoder Block doesn’t perform downsampling). Given the
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deepest feature xA−1 from Memory Attention and skip-list {sA−1, . . . , s1}, the shared
decoding proceeds:

xi−1 = DecoderBlocki
!
xi, si

"
, i = A− 1, . . . , 1.

After the final block we obtain:

x0 ∈ RC1×H×W ,

where (H, W ) is the original frame size.

Per-Class Mask Heads

For each of the K target organ classes, a separate 1× 1 convolution head produces a
single-channel logit:

mk = Conv1× 1k

!
x0; C1→1

"
, k = 1, . . . , K.

These are concatenated to form the final mask tensor M̂ ∈ RK×H×W .

This design—shared heavy upsampling and refinement across all classes, followed
by lightweight per-class heads—balances parameter efficiency with class-specific
flexibility. The deformable, multi-scale convolutions within each block ensure that
the decoder can accurately reconstruct complex organ boundaries, even under severe
deformations.

Moreover, the use of separate heads for each class allows SSTC-Seg to model
subtle differences in appearance and shape distributions across organs, without requir-
ing completely independent decoders. This is particularly advantageous in datasets
with heterogeneous class frequencies, where some structures (e.g., liver, gallbladder)
appear in most frames while others are only occasionally visible.

3.5 Hierarchical Dense CRF

To refine the raw mask logits and enforce even more spatial consistency, we adopt
a trainable, multi-scale conditional random field (CRF) that performs deformable
message passing with image- and skip-feature guidance in a coarse-to-fine hierarchy.
We call it Hierarchical Dense CRF (HD-CRF).

In contrast to classical CRF post-processing applied as a detached refinement
stage, HD-CRF is integrated into the network as a differentiable module. This
allows its parameters—compatibility transforms, convolution kernels, and guidance
projections— to be optimized jointly with the rest of the architecture. As a result,
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the model can learn dataset-specific priors about typical organ shapes, boundary
sharpness, and inter-class relationships directly from data.

Mean-Field Iterations

Let the initial per-class logits be:

U ∈ RK×H×W ,

and initialize the class probabilities:

Q(0) = softmax(U).

For each iteration t = 1 . . . T , compute:

M (t) = Wcompat
1
Sspatial

!
Q(t−1)" + Sbilateral

!
Q(t−1), G

"2
,

U (t) = U − M (t),

Q(t) = softmax
!
U (t)",

where:

• Sspatial is a class-wise deformable convolution (kernel size ks) applied to each
probability map;

• Sbilateral is a deformable bilateral convolution (kernel size kb) on the concate-
nated guidance tensor G;

• Wcompat is a learnable 1× 1 compatibility transform.

Guidance Tensor

The guidance tensor:

G =
#
Q(t−1); IRGB; Sskip; E

$
∈ R(K+3+3+1)×H×W

concatenates:

• Current probabilities Q(t−1);

• Raw image channels IRGB;

• Projected Frame Encoder skip-features Sskip (3 RGB channels);

• Edge magnitude map E.

Hierarchical Scales

We perform the above mean-field updates at three resolutions:
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1. Full resolution (H, W );

2. Half resolution (H/2, W/2);

3. Quarter resolution (H/4, W/4).

For each scale we obtain Q
(T )
full , Q

(T )
1/2, and Q

(T )
1/4. Upsampling the latter two back to

(H, W ) and averaging yields the final refined probabilities:

âQ = 1
3

1
Q

(T )
full + upsample

!
Q

(T )
1/2

"
+ upsample

!
Q

(T )
1/4

"2
.

The deformable filters with learnable offsets in both spatial and bilateral convolu-
tions allow the HD-CRF to adapt to organ boundaries rather than enforcing rigid
Gaussian kernels, the guidance channels leverage both low- and high-level cues to
prevent oversmoothing, and the hierarchical scales ensure fine detail preservation
and global coherence. This trainable, Hierarchical Dense CRF significantly sharpens
mask contours and reduces spurious predictions, especially in regions of low contrast
and/or heavy occlusion.

3.6 Memory Encoder

The Memory Encoder transforms the per-class mask predictions into objects in
the same feature space as the image-derived frame embeddings, enabling seamless
temporal attention. It processes the concatenated mask logits through a lightweight
convolutional pyramid, matching both channel dimensionality and spatial resolution
to the Frame Encoder ’s output.

Without this component, the memory would contain only appearance-based
features extracted by the encoder, which may not fully reflect the network’s final
segmentation decisions. By explicitly encoding mask logits into the same feature
space, the Memory Encoder allows the model to store a richer representation that
combines what the network “sees” (image features) with what it “believes” (segmen-
tation outputs). This is particularly beneficial when frames are corrupted by noise
or partial occlusions.

Inputs and Outputs

• Mask input: M ∈ RK×H×W , the K per-class logits from the Mask Decoder.

• Frame feature: F ∈ RC×H′×W ′ , the corresponding encoder output.

• Memory feature output: ãM ∈ RC×H′×W ′ , ready for insertion into the
memory bank.
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Convolutional Pyramid

We apply E-1 convolutional stages (E-1 being equal to the number of Encoder
Blocks performing downsampling within the Frame Encoder). At stage i with input
channels Di−1 and spatial size (Hi−1, Wi−1), each stage performs:

1. A 3× 3 convolution (no bias) mapping Di−1 → 2Di−1, padding=1.

2. Batch normalization and ReLU activation.

3. A 2× 2 max-pooling (stride=2), reducing spatial size to:

(Hi, Wi) =
1

Hi−1
2 , Wi−1

2

2
, Di = 2Di−1.

Starting from D0 = K and (H0, W0) = (H, W ), after L stages we reach:

DL = 2LK, (HL, WL) =
1

H
2L , W

2L

2
= (H ′, W ′).

Final Projection and Fusion

A final 1× 1 convolution (no bias) maps DL → C, preserving (H ′, W ′), yielding

M ′ ∈ RC×H′×W ′
.

We then fuse with the frame feature via residual addition:

ãM = Feat + M ′.

This fusion ensures that the memory bank entries carry both appearance-driven
cues (from Feat) and semantic mask evidence (from M ′).

Empirically, this residual fusion has an additional stabilizing effect: it prevents the
memory representation from diverging too far from the encoder’s feature distribution,
which could otherwise complicate optimization of the attention mechanism. Instead,
the network learns to treat the Memory Encoder as a corrective signal layered on
top of the original frame embedding.

3.7 Memory Bank

The Memory Bank maintains a fixed-size buffer of past frame embeddings, serving as
the temporal repository for information propagated via the Memory Attention module.

Unlike recurrent architectures that compress temporal history into a single hidden
state, the Memory Bank explicitly stores multiple past embeddings. This design
choice makes the temporal horizon of the model transparent and configurable: by
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adjusting F , one can control how far into the past the attention mechanism is allowed
to look.

Buffer Management

Let F be the maximum number of frames to store. Incoming frame features of
shape

#
batch, C, H ′, W ′$ are enqueued in temporal order. When the buffer exceeds

capacity F , the oldest entry is evicted (FIFO policy), ensuring the bank always
contains the most recent F representations.

Retrieval and Padding

At each time step, the bank assembles a tensor:

M∈ Rbatch×F ×C×H′×W ′
.

• If F frames are stored, the bank assembles all F frames into M .

• If fewer than F frames are stored, the bank pads by repeating the earliest
available frame until length F is reached.

• If the bank is empty (e.g., at video start), it returns an all-zero tensor of the
same shape.

By encapsulating temporal context in a simple, efficient buffer with predictable
shape behavior, the Memory Bank underpins the Memory Attention’s ability to
leverage a sliding window of past information for improved mask propagation across
challenging laparoscopic video frames.
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Datasets

4.1 The CholecSeg8k Dataset

The CholecSeg8k (Hong et al., 2020) [25] dataset uses the endoscopic images from
Cholec80 (Twinanda et al., 2016) [3], provided by Research Group CAMMA (Com-
putational Analysis and Modeling of Medical Activities), as the base. Cholec80
contains 80 videos of cholecystectomy surgeries performed by 13 surgeons. Each
video in Cholec80 captured the procedure at 25 fps and annotated tools presence
and operation phases. The CholecSeg8k dataset was created by selecting a subset
of 17 videos provided by Cholec80 and by creating semantic segmentation masks
in the frames extracted in the selected videos. It includes semantic segmentation
for 10 organic classes (abdominal wall, liver, gastrointestinal tract, fat, connective
tissue, blood, cystic duct, gallbladder, hepatic vein and liver ligament) and 2 surgical
instruments (L-hook electrocautery and grasper).

From a clinical perspective, cholecystectomy is one of the most common la-
paroscopic procedures worldwide, which makes Cholec80 and its derived datasets
particularly representative of routine surgical practice. The videos cover a wide
range of inter-patient variability in terms of anatomy, fat distribution, etc. As a
consequence, CholecSeg8k captures not only the appearance of individual organs,
but also diverse tool–tissue interactions, occlusions, and abrupt camera motions.

Another important characteristic of CholecSeg8k is its annotation protocol. The
semantic masks are provided at pixel level, with each pixel assigned to exactly one of
the predefined classes. This dense labeling is both labor-intensive and highly valuable:
it enables supervised learning of precise organ boundaries and tool contours, which
is essential for downstream tasks such as intraoperative guidance, context-aware
assistance, and automatic video analysis. However, it also means that the dataset
inherits the visual complexity of real surgeries, including lighting artifacts, smoke,
and partial views of structures.

Due to the large discrepancy of the number of pixels for each class, we focused on
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the following 8 classes: Abdominal Wall, Liver, Gastrointestinal Tract, Fat, Grasper,
L-hook Electrocautery, Gallbladder, and a default class for the Background. This
selection reflects a trade-off between anatomical diversity and class frequency. Several
structures in the original label set, such as the hepatic vein or liver ligament, are
almost non-existant. Directly training on these highly under-represented classes tends
to destabilize optimization and leads to unreliable performance metrics. By focusing
on the eight most prevalent categories, we emphasize those structures that appear
consistently across frames and that are most relevant for typical cholecystectomy
workflows.

Even within this reduced set, the degree of class imbalance remains substantial:
large organs such as the abdominal wall dominate the field of view in many frames,
whereas instruments and smaller anatomical structures cover only limited regions.
This imbalance has a direct impact on loss design and evaluation, as naïve optimiza-
tion strategies may bias the model toward over-predicting large, easy classes while
neglecting smaller, clinically critical regions.

In total, this leaves us with 3939 frames to train, validate and test our model.

In our experimental pipeline, these frames are organized into training, validation,
and test partitions at the video level to avoid patient-level data leakage. This ensures
that frames originating from the same surgery are not split across subsets, which
would otherwise artificially inflate performance due to strong temporal correlations.
Additionally, we preserve the relative distribution of surgical phases across splits, so
that the model is exposed to both early and late procedural stages during training
and evaluation.

From a modeling standpoint, CholecSeg8k serves as the primary benchmark for as-
sessing the capabilities of SSTC-Seg in a relatively data-rich regime. The combination
of thousands of annotated frames, multiple surgeons, and diverse visual conditions
makes it an ideal testbed for evaluating spatial adaptivity, temporal consistency, and
robustness to occlusion. The results obtained on this dataset therefore provide a
strong indication of how well the architecture can generalize to typical laparoscopic
cholecystectomy scenes.
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4.2 The Dresden Surgical Anatomy Dataset

The Dresden Surgical Anatomy (Carstens et al., 2023) [26] dataset is composed of
32 series of frames from surgeries performed with a Da Vinci® Xi/X Endoscope. It
includes semantic segmentation for 8 abdominal organs (colon, liver, pancreas, small
intestine, spleen, stomach, ureter, vesicular glands), the adominal wall, and 2 vascular
structures (inferior mesenteric artery and intestinal veins) as seen in laparoscopic
views.

Unlike CholecSeg8k, which is derived from cholecystectomy videos, the Dresden
Surgical Anatomy dataset focuses on a broader range of abdominal regions and
provides high-quality anatomical labels obtained in a controlled experimental setting.
This dataset emphasizes detailed organ-level anatomy, including structures that are
rarely labeled in routine clinical videos. This granularity makes Dresden particularly
valuable for research on anatomy-aware assistance and for studying the limits of
generalization when only a small number of annotated frames are available.

Due to the large discrepancy of the number of pixels for each class, we focused
on the following 5 classes: Abdominal Wall, Colon, Liver, Ureter, and a default class
for the Background.

As with CholecSeg8k, this restriction is primarily driven by class imbalance
and practical considerations. Several anatomical structures in the original label set
appear only sporadically or occupy very few pixels, which makes it difficult to obtain
stable and meaningful performance estimates. Concentrating on a subset of more
frequently occurring classes allows us to obtain a more reliable assessment of the
model’s behavior in a low-data scenario, while still covering both large organs (e.g.,
liver, abdominal wall) and smaller structures (e.g., ureter).

Moreover, the selected classes span different visual characteristics: some present
smooth, relatively uniform textures, while others exhibit complex patterns or are
partially embedded within surrounding tissue. This diversity provides a challenging
test for SSTC-Seg’s deformable convolutions and memory-based mechanisms, which
must be able to distinguish subtle appearance differences even when the overall image
context is limited.

This dataset is significantly smaller than the CholecSeg8k dataset, and that leaves
us with 658 frames to train, validate, and test our model. The different classes are
also less represented in the frames. This allows us to test the learning of our model
when faced with limited data.

As with the CholecSeg8k dataset, the frames are organized into training, valida-
tion and test partitions at the video level to avoid patient-level data leakage.
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From an evaluation standpoint, Dresden complements CholecSeg8k by highlighting
a different failure mode: whereas the latter stresses robustness to variable surgical
conditions in a comparatively abundant data regime, the former probes the model’s
ability to generalize when only a small number of annotated examples are available.
Jointly, these two datasets provide a more complete picture of the strengths and
limitations of SSTC-Seg in realistic clinical scenarios.
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Experiments and Comparisons
with State-Of-The-Art Networks

5.1 Experimental SetUp

5.1.1 Evaluation Metrics

We evaluate segmentation quality using the following metrics:

Accuracy Overall pixel-wise correctness:

Accuracy = TP + TN
TP + TN + FP + FN ,

where TP, TN, FP, FN denote true positives, true negatives, false positives, and false
negatives.

While Accuracy provides an intuitive notion of overall correctness, it tends to be
dominated by the background and large organs, which occupy most pixels in typical
laparoscopic scenes. As a result, models can achieve deceptively high global Accuracy
even when their predictions on small but clinically important structures (such as
instruments or narrow ducts) are poor. For this reason, Accuracy is interpreted
here primarily as a coarse, sanity-check metric rather than the sole indicator of
segmentation performance.

Dice Coefficient Overlap between prediction P and ground truth G:

Dice(P, G) = 2 |P ∩G|
|P |+ |G| = 2 TP

2 TP + FP + FN .

The Dice Coefficient is more sensitive to disagreements on smaller structures,
because false positives and false negatives are normalized by the sum of the pre-
dicted and ground-truth volumes. In the context of laparoscopic surgery, this makes
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Dice Coefficient particularly informative for evaluating organ boundaries and thin
regions around instruments, where relatively few misclassified pixels can lead to
substantial clinical impact. High Dice scores therefore indicate not only good vol-
umetric coverage but also a reasonable balance between over- and under-segmentation.

Jaccard Index (IoU) Intersection over union:

IoU(P, G) = |P ∩G|
|P ∪G|

= TP
TP + FP + FN .

The Jaccard Index (IoU) complements Dice by penalizing disagreements more
strictly, since the intersection is normalized by the union of prediction and ground
truth. In practice, IoU tends to produce lower absolute values than Dice, but it is
often considered a more conservative measure of overlap. Reporting both Dice and
IoU provides a more nuanced view of model performance, especially in cases where
segmentation outputs contain small spurious regions or slightly misaligned masks.

Hausdorff Distance 95 (HD95) Boundary agreement measured by the 95th
percentile of bidirectional distances:

HD95(P, G) = max
î

sup
p∈∂P

d95(p, ∂G), sup
g∈∂G

d95(g, ∂P )
ï

,

where d95(p, ∂G) is the 95th-percentile of {ming∈∂G ∥p− g∥}.

In contrast to overlap-based scores, HD95 focuses on the geometry of the predicted
boundaries. By using the 95th percentile of distances rather than the maximum, it
remains robust to isolated outliers while still capturing large discrepancies between
predicted and true contours. This is particularly relevant in surgical applications,
where small localized errors may be acceptable, but large boundary deviations near
critical structures could be problematic. HD95 is thus used here as a proxy for
anatomical plausibility of the predicted shapes.

These metrics are computed separately for each semantic class and then ana-
lyzed both at class level and in aggregate. This per-class perspective is particularly
important in our setting because the datasets exhibit strong class imbalance and
heterogeneous difficulty: large organs, small vessels, and thin surgical instruments
do not pose the same challenges and should therefore not be reduced to a single
summary statistic. By reporting multiple complementary metrics, we aim to capture
both volumetric overlap and boundary quality, which are critical for assessing the
clinical usefulness of segmentation models.
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5.1.2 Implementation Details

All experiments were implemented in Python 3.12.3 using PyTorch 2.5.1 and CUDA
12.1.

Training and evaluation were conducted on a single NVIDIA GeForce RTX 4060
Laptop GPU (8 GB VRAM) paired with an Intel Ultra 9 processor (14 cores) and
24 GB RAM.

Data

For the CholecSeg8k [25] dataset, we used a 70-15-15 split, and for the Dresden
Surgical Anatomy [26] dataset, we used a 60-20-20 split (so that each class could be
represented at least one time during the validation and testing phases).

Splits are performed at the video or sequence level to avoid any leakage of
temporally adjacent frames between training, validation, and test sets. This is
important because consecutive laparoscopic frames are highly correlated; mixing
them across splits would artificially inflate reported performance and fail to reflect
true generalization to unseen surgeries. The chosen proportions also represent a
compromise between providing enough data for training and preserving sufficient
examples for unbiased evaluation, especially in the case of the smaller Dresden dataset.

In addition, we ensure that each class of interest appears at least once in the
validation and test partitions. This constraint guarantees that the reported per-class
metrics are meaningful and that rare classes are not inadvertently excluded from
evaluation due to the limited dataset size.

Model Configuration

The architecture of SSTC-Seg was composed of E=3 Encoder Blocks, A=3 At-
tention Blocks, E-1=2 Decoder Blocks, and F=4 frames in the Memory Bank.

The base channel dimension was set to 64, doubling after each encoder stage.

This configuration results in a moderately deep architecture with sufficient capac-
ity to model complex spatial and temporal patterns, while keeping inference time
within a practical range. Increasing the number of encoder or attention blocks would
likely improve performance further but at the cost of higher memory usage and slower
inference, which is undesirable for real-time or near-real-time clinical applications.
The choice F = 4 for the Memory Bank reflects a similar trade-off: it allows the
model to access short-term temporal context without incurring excessive memory
overhead for long sequences.
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Training Protocol

The model was trained end-to-end with AdamW optimizer (learning rate = 1e-
4) for 60 epochs, with an early stopping after 6 epochs without improvement, with a
batch size of 2.

A scheduler (torch.optim.lr_scheduler.OneCycleLR) was used to improve conver-
gence stability.

The OneCycleLR policy gradually increases the learning rate at the beginning
of training and then decreases it towards the end, which has been shown to accel-
erate convergence and help escape shallow local minima. Combined with AdamW,
which decouples weight decay from gradient updates, this schedule yields a stable
optimization process even in the presence of complex components such as deformable
convolutions and attention layers. Early stopping based on validation performance
helps prevent overfitting, particularly on the Dresden dataset, where the number of
training samples is limited.

Loss computation combined cross-entropy and Dice losses to balance class im-
balance and boundary accuracy. Cross-entropy primarily drives correct per-pixel
classification, encouraging the network to predict the correct label distribution across
all classes. Dice loss, on the other hand, directly optimizes for volumetric overlap and
reduces the impact of class imbalance by normalizing with respect to the combined
size of prediction and ground truth. The combination of both terms is particularly
effective in settings where some structures occupy only a small fraction of the image
but are nonetheless clinically significant, such as instruments or thin tubular anatomy.

Evaluation

Metrics were computed per-class over all frames in the test split.

Inference speed was computed by passing 2000 frames and measuring the total
inference time on the same hardware configuration. To obtain a robust estimate
of runtime, inference is performed in batch mode with gradients disabled and all
models evaluated under identical conditions. The chosen sequence length of 2000
frames approximates a realistic laparoscopic video segment and smooths out short-
term fluctuations due to caching or background processes on the host system. This
measurement provides a practical indication of whether the architecture could be
integrated into a real-time surgical pipeline, rather than representing an isolated
microbenchmark.
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5.1.3 Baseline Networks and Ablations

As medical datasets can be costly and are not the easiest to access in large quantities,
SSTC-Seg was designed to be non-promptable, so that it could be efficiently applied
to as many datasets as possible. So, the following non-promptable baseline models
were evaluated:

• U-Net [5];

• PSPNet [6];

• CFPNet-M [27];

• MFCPNet [7].

These baselines were selected to cover a representative spectrum of small and
quick networks, but also modern and bigger segmentation architectures. U-Net
serves as a strong classical baseline and remains widely used in medical imaging
due to its simplicity and effectiveness. PSPNet introduces multi-scale context ag-
gregation through pyramid pooling, providing a more advanced treatment of global
spatial information. CFPNet-M and MFCPNet, finally, are specifically tailored
to medical segmentation and emphasize lightweight design and efficient multi-scale
feature extraction, making them particularly competitive in constrained environments.

By comparing SSTC-Seg against this diverse set of baselines, we can disentangle
the contributions of different architectural ideas: simple encoder–decoder designs,
pyramid pooling, specialized lightweight modules, and our own combination of de-
formable convolutions, memory attention, and HD-CRF refinement.

In addition to that, multiple versions of SSTC-Seg have been tested by doing an
ablation study to evaluate the effect of different parts of the architecture:

• Version 1: All convolutions are standard, and 1 global head performs the final
step of the segmentation for all classes;

• Version 2: All convolutions are deformable, and 1 global head performs the
final step of the segmentation for all classes;

• Version 3: All convolutions are deformable, and 1 head per class performs the
final step of the segmentation.

The three SSTC-Seg variants are designed to isolate the effect of two key de-
sign choices: deformable versus standard convolutions, and global versus per-class
segmentation heads. Version 1 can be interpreted as a baseline architecture that
removes most of the proposed geometric adaptivity and class-specific specialization.
Version 2 reintroduces deformable convolutions, allowing us to quantify their impact
on boundary quality and robustness to deformation. Version 3, finally, adds separate
heads for each class, which increases flexibility in modeling class-specific appearance
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and shape distributions.

This ablation strategy makes it possible to attribute observed performance dif-
ferences to concrete architectural changes rather than confounding factors such as
training protocol or dataset splits. In particular, it allows us to determine whether
the added complexity of deformable convolutions and per-class heads is justified by
measurable gains in segmentation quality.

5.2 Quantitative Comparison with SOTA

In this section, we report quantitative results on both datasets and compare SSTC-
Seg against the aforementioned baselines. We first analyze performance on the
CholecSeg8k dataset, which provides a relatively large number of annotated frames,
and then on the Dresden Surgical Anatomy dataset, which is considerably smaller
and more imbalanced. Finally, we examine runtime characteristics in order to assess
the feasibility of deploying SSTC-Seg in real-time settings.

5.2.1 The CholecSeg8k Dataset

Table 5.1 summarizes the segmentation results of U-Net, PSPNet, CFPNet-M, MFCP-
Net, and the three versions of SSTC-Seg on the CholecSeg8k dataset. It can be
found that our proposed network achieves the highest scores across all metrics for
almost every classes (e.g. the Liver, the Grasper, the L-hook Electrocautery and the
Gallbladder classes). Only MFCPNet achieves a slightly better accuracy than our
model on the Abdominal Wall and the Gastrointestinal Tract classes, but even then,
SSTC-Seg is relatively close and still has a better Dice coefficient, Jaccard index and
Hausdorff distance 95. SSTC-Seg clearly outperforms all baseline models overall.

A closer inspection of the per-class scores reveals several interesting trends. First,
SSTC-Seg (Version 3) consistently improves the Dice Coefficient and IoU for both
large organs (e.g., liver, abdominal wall) and small, elongated structures such as
the grasper and the L-hook electrocautery. This suggests that the combination of
deformable convolutions and per-class heads is effective at capturing both global
organ morphology and fine instrument details. In particular, the substantial reduction
in HD95 indicates that boundary predictions are not only more accurate on average
but also less prone to large local deviations.

Second, the Gastrointestinal Tract class remains challenging for all networks, with
relatively low scores across the board. Nevertheless, SSTC-Seg achieves competitive
or superior overlap metrics while significantly reducing HD95 compared to baseline
methods, which implies that its errors are more localized and less detrimental from
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U-Net PSPNet CFPNet-M MFCPNet SSTC-Seg
Version – – – – Version 1 Version 2 Version 3
Convolutions – – – – Standard Deformable Deformable
Segmentation Head(s) – – – – Global Global Per-class

Abdominal Wall
Accuracy 0,7081 0,7056 0,7517 0,8968 0,7993 0,8261 0,8596
Dice Coefficient 0,7088 0,6933 0,7873 0,8212 0,7554 0,8079 0,8671
Jaccard Index 0,5889 0,5618 0,6915 0,7383 0,6471 0,7192 0,7987
HD95 14,1258 18,4099 15,6682 14,9437 19,9074 15,7257 10,6950

Liver
Accuracy 0,6563 0,6001 0,4804 0,4888 0,4291 0,6360 0,8052
Dice Coefficient 0,6096 0,4695 0,5414 0,5675 0,5101 0,6922 0,7858
Jaccard Index 0,4468 0,3129 0,3935 0,4274 0,3775 0,5475 0,6557
HD95 13,0291 16,2881 12,6779 11,6166 11,3602 14,2223 7,4773

Gastrointestinal Tract
Accuracy 0,1424 0,0007 0,0645 0,1903 0,1784 0,1010 0,1562
Dice Coefficient 0,1471 0,0007 0,1010 0,1692 0,1866 0,1356 0,2021
Jaccard Index 0,1209 0,0004 0,0632 0,1299 0,1433 0,0974 0,1512
HD95 22,6300 39,5086 29,6986 29,8071 24,7871 20,6079 16,9894

Fat
Accuracy 0,8564 0,7646 0,9296 0,9370 0,9720 0,9358 0,9468
Dice Coefficient 0,7967 0,6487 0,7788 0,8220 0,7755 0,8483 0,8501
Jaccard Index 0,6817 0,5032 0,6645 0,7194 0,6783 0,7588 0,7586
HD95 12,5070 20,0988 13,9888 14,8478 14,6765 14,8449 11,7485

Grasper
Accuracy 0,0223 0,0025 0,5072 0,3676 0,2219 0,4806 0,5628
Dice Coefficient 0,0246 0,0018 0,3235 0,3576 0,2168 0,4172 0,4762
Jaccard Index 0,0139 0,0010 0,2105 0,2451 0,1338 0,2898 0,3322
HD95 32,4927 44,3287 23,7673 14,7716 18,4077 16,5185 14,6852

L-Hook Electrocautery
Accuracy 0,1094 0,0860 0,2523 0,1744 0,1611 0,3521 0,3822
Dice Coefficient 0,1511 0,7985 0,2517 0,1976 0,1589 0,4169 0,4778
Jaccard Index 0,0943 0,6619 0,1813 0,1522 0,0997 0,3067 0,3558
HD95 23,8852 31,7227 15,1118 13,7692 26,1228 18,9219 17,1693

Gallbladder
Accuracy 0,6611 0,0731 0,6439 0,3633 0,2383 0,6600 0,6706
Dice Coefficient 0,6353 0,0631 0,5827 0,4243 0,2792 0,6400 0,7192
Jaccard Index 0,4864 0,0403 0,4565 0,3242 0,2091 0,5082 0,5907
HD95 16,1016 17,4743 12,8882 13,8331 17,4808 15,3215 8,0912

Background
Accuracy 0,9586 0,9167 0,9866 0,9877 0,9879 0,9886 0,9872
Dice Coefficient 0,9617 0,8632 0,9679 0,9859 0,9757 0,9824 0,9796
Jaccard Index 0,9266 0,7598 0,9394 0,9725 0,9533 0,9660 0,9612
HD95 3,7021 7,6624 5,0655 3,5126 4,4043 4,1649 4,6885

Table 5.1: Comparison between SSTC-Seg and the baseline models across 8 classes
from the CholecSeg8k dataset, with the metrics for each class.
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U-Net PSPNet CFPNet-M MFCPNet SSTC-Seg
Version – – – – Version 1 Version 2 Version 3
Convolutions – – – – Standard Deformable Deformable
Segmentations Head(s) – – – – Global Global Per-class

Abdominal Wall
Accuracy 0,3600 0,0715 0,3856 0,5243 0,4779 0,5227 0,5540
Dice Coefficient 0,4035 0,0894 0,3964 0,5416 0,5194 0,5365 0,5827
Jaccard Index 0,3161 0,0580 0,2831 0,4521 0,4208 0,4335 0,4694
HD95 24,0179 37,3716 40,6202 18,4865 19,6340 18,9457 18,0061

Colon
Accuracy 0,0811 0,0012 0,0401 0,0628 0,0254 0,0250 0,0532
Dice Coefficient 0,1059 0,0019 0,0286 0,0856 0,0407 0,0407 0,0790
Jaccard Index 0,0720 0,0009 0,0160 0,0576 0,0246 0,0240 0,0512
HD95 28,9731 42,3071 46,5240 33,3157 29,5577 33,2963 30,7333

Liver
Accuracy 0,0188 0,0003 0,0040 0,0118 0,0004 0,0059 0,0087
Dice Coefficient 0,0244 0,0006 0,0043 0,0190 0,0008 0,0105 0,0137
Jaccard Index 0,0171 0,0002 0,0022 0,0113 0,0004 0,0059 0,0077
HD95 23,1196 39,1452 47,1432 20,9276 33,5343 24,4901 34,8939

Ureter
Accuracy 0,1399 0,0009 0,2320 0,2263 0,2365 0,2836 0,2866
Dice Coefficient 0,1787 0,0003 0,1995 0,2581 0,2654 0,3042 0,3111
Jaccard Index 0,1209 0,0002 0,1221 0,1819 0,1929 0,2270 0,2320
HD95 23,6352 24,2273 39,4520 24,1516 28,1751 26,3886 25,8549

Background
Accuracy 0,9781 0,9919 0,6236 0,9716 0,9633 0,9721 0,9681
Dice Coefficient 0,9238 0,8907 0,7504 0,9406 0,9391 0,9402 0,9443
Jaccard Index 0,8676 0,8177 0,6070 0,8917 0,8897 0,8919 0,8981
HD95 10,9724 23,5215 14,9926 11,1236 10,8008 10,8472 9,9622

Table 5.2: Comparison between SSTC-Seg and the baseline models across 5 classes
from the Dresden Surgical Anatomy dataset, with the metrics for each class.

U-Net PSPNet CFPNet-M MFCPNet SSTC-Seg
Version – – – – Version 1 Version 2 Version 3
Convolutions – – – – Standard Deformable Deformable
Segmentations Head(s) – – – – Global Global Per-class

Frames per second 132,46 114,13 66,84 59,75 34,25 25,13 24,74

Table 5.3: Comparison between SSTC-Seg and the baseline models in terms of
frames processed per second.
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an anatomical perspective.

Finally, the background class exhibits high Dice and IoU for all models, as
expected given its dominance in pixel count. It is therefore less informative for
discriminating between architectures, although SSTC-Seg still maintains competitive
performance without sacrificing its improvements on foreground classes.

5.2.2 The Dresden Surgical Anatomy Dataset

Table 5.2 summarizes the segmentation results of U-Net, PSPNet, CFPNet-M, MFCP-
Net, and the three versions of SSTC-Seg on the Dresden Surgical Anatomy dataset.
Here, on a purposefully small dataset (small number of frames, and low representation
of the different classes) the results are more mitigated. Our network still outperforms
all baseline models on half of the classes (the Abdominal Wall and the Ureter classes),
but it is U-Net, a small and very simple model, that achieves the best metrics on
the Colon and the Liver classes. Even MFCPNet performs slightly better. These
2 classes are the less represented through the dataset, and it shows that a network
with the size and complexity of SSTC-Seg has difficulties segmenting classes with
too few data, compared with simpler models.

These results highlight an important aspect of model selection in medical imaging:
architectures that perform best on larger datasets are not necessarily optimal in
extremely low-data regimes. In the Dresden Surgical Anatomy dataset, the combi-
nation of limited training samples and strong class imbalance favors smaller, less
expressive networks such as U-Net, which may be less prone to overfitting and easier
to optimize. SSTC-Seg still provides clear benefits for some classes—most notably
the abdominal wall and ureter—but struggles to match U-Net on rarely observed
structures like the colon and liver.

5.2.3 Overall

Across both datasets, SSTC-Seg (Version 3) achieves the best average Accuracy,
improving up to +13-15% over the second best network, but also the best Dice
Coefficient and the best Jaccard Index. The largest relative gains appear in both
organ and tool classes (e.g. Liver and L-Hook Electrocautery), which confirms that
the characteristics of SSTC-Seg, like the deformable convolutions, make it adaptable
to both organic and more rigid shapes. The consistently lower Hausdorff Distance
95 values further indicate smoother and more anatomically consistent boundaries,
thanks to modules like the memory attention mechanism and the HD-CRF, which is
critical for surgical applications.

It is also instructive to relate these gains back to the architectural ablations.
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Figure 5.1: Visual comparison on the CholecSeg8k dataset of the masks generated
by all baseline networks and SSTC-Seg (version 3) compared to the associated original
RGB frame and the ground truth masks. The input frames’ resolution has been
reduced so that all models could have been run in parallel.

The progression from Version 1 to Version 2 and Version 3 shows that deformable
convolutions provide a consistent boost in overlap metrics and boundary quality,
while the introduction of per-class heads further enhances performance on classes
with highly distinct appearances or shapes. This suggests that most of the observed
improvements are not accidental side effects of training, but rather stem directly
from the intended design choices of SSTC-Seg.

5.2.4 Inference Speed

Table 5.3 shows the number of frames that each network can process per second in
inference mode. Smaller and simpler networks like U-Net and PSPNet can go over the
100 fps mark. Networks like CFPNet-M and MFCPNet, which are specialized but still
relatively simple compared to our network, achieve an inference speed around 60 fps
(which is the minimum we should aim for in real time implementations). SSTC-Seg,
depending on the version, ranges from 24 to 34 fps. This computational overhead
is caused by the additional complexity of its architecture compared to the baseline
models (deformable convolutions, memory-based attention mechanism, HD-CRF).

From a practical standpoint, these frame rates mean that SSTC-Seg, in its cur-
rent form, does not yet satisfy strict real-time requirements for systems operating at
60 fps or higher. However, many clinical support applications can tolerate modest
latency, especially if predictions are used for guidance (e.g. training of young sur-
geons) or documentation rather than for hard real-time control of robotic instruments.

5.3 Qualitative Results

In Figure 5.1, we can see next to some RGB frames from the CholecSeg8k dataset some
visual comparisons between their associated ground truth and the masks generated by
U-Net, PSPNet, CFPNet-M, MFCPNet and SSTC-Seg (version 3, with deformable
convolutions and per-class segmentation heads). The resolution of the original RGB
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Figure 5.2: Visual results on the Dresden Surgical Anatomy dataset.

frames has been lowered in input so that all networks could have been run in parallel
over the testing split. We can clearly see that the combination of the memory atten-
tion mechanism and the HD-CRF reduces drastically the number of residual artifacts
on SSTC-Seg predictions, which explains why our network consistently has a lower
Hausdorff Distance 95, as well as a better Dice Coefficient and a better Jaccard Index.

In particular, qualitative inspection shows that SSTC-Seg tends to preserve the
continuity of organ boundaries even when instruments partially occlude the field of
view. Competing models often produce fragmented masks or leave small gaps along
the contours, especially near specular highlights or blurred regions. The memory
attention mechanism appears to mitigate these issues by leveraging information from
previous frames where the boundaries are more clearly visible, while the HD-CRF
module removes small isolated regions and enforces smoother transitions between
adjacent organs.

In Figure 5.2, we focus exclusively on SSTC-Seg’s prediction masks compared
to RGB frames from the Dresden Surgical Anatomy dataset and their associated
ground truth. Again, we can note the absence of artifacts, and the smoothness of
organic boundaries, which confirm the quantitative results.

Visual inspection (both Figures 5.1 and 5.2) corroborates the quantitative findings:
SSTC-Seg yields smoother, more continuous contours and preserves organ topology
under a laparoscopic environment.

Overall, these qualitative observations underscore an important point: even when
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numerical performance differences between models appear moderate, their visual
impact on segmentation maps can be substantial. In surgical contexts, smoother,
topologically consistent masks may be more valuable than marginal gains in global
overlap metrics, because they facilitate interpretation by clinicians and reduce the
risk of misleading visual artifacts. SSTC-Seg’s ability to produce such masks is
therefore a key strength of the proposed architecture.
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Chapter 6

Discussion and Limitations

The experimental results on the CholecSeg8k [25] dataset, with a good amount of
data, demonstrate that our model consistently outperforms baseline methods across
most classes, whether they are organs or tools. For most classes, SSTC-Seg has
the best metrics across the board, and in the rare cases where it does not, it is
closely behind. The combination of deformable convolutions, memory attention and
HD-CRF clearly improves segmentation, but it also improves its stability under
deformation, occlusion and motion, even within less represented classes. The ablation
study shows that, on the one hand, deformable convolutions drastically improve the
segmentation of organic shapes, but also greatly help differentiating them from the
more rigid shapes of tools. On the other hand, the per-class segmentation heads
allows for a better focus on each class.

Taken together, the experiments on CholecSeg8k indicate that SSTC-Seg is able
to scale effectively when sufficient annotated data are available. In this regime,
the increased complexity of the architecture is an asset rather than a liability: the
model can learn rich spatio-temporal representations that generalize across different
surgeons, lighting conditions, and patient anatomies. However, this observation
naturally raises the question of how the same architecture behaves when data are
scarce, which is a frequent situation in medical imaging due to the high cost of
annotation and limited access to curated datasets.

The experimental results on the Dresden Surgical Anatomy [26] dataset, with
much fewer data, demonstrate that the size and complexity of SSTC-Seg limit its
learning on very small datasets, compared to some smaller and simpler models. Still,
it outperforms the baseline methods on half of the classes, while being at least on
the average on the other half. This versatility allows SSTC-Seg to be a viable option
in a wide range of situations, from a lower amount of data and a smaller number of
classes, to a larger amount of data and bigger number of classes.

However, even if the multi-organ segmentation is improved with SSTC-Seg, such
models are designed to be used in real time during surgical procedures. The de-
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formable convolutions, the memory-based attention mechanism and the multiple
iterations of the HD-CRF, while beneficial for accuracy, introduce additional compu-
tational overhead that may hinder real-time inference. In the current state, SSTC-Seg
does not reach the 60 frames per second mark, and it would certainly need to be
re-written in a low-level programming language like CUDA to be efficiently used
in real time in a surgical environment, while its current inference speed could be
sufficient for training guidance.

54



Chapter 7

Conclusion

In this work, we proposed SSTC-Seg, a novel deformable memory-based multi-scale
network to address the challenges of multi-organ semantic segmentation in laparo-
scopic surgery videos. The model integrates deformable convolutions, temporal
memory attention, and a Hierarchical Dense CRF (HD-CRF) into a unified, end-to-
end framework that explicitly captures spatial adaptivity and temporal consistency.
This architectural synergy enables SSTC-Seg to robustly handle challenges inherent
to minimally invasive laparoscopic surgery, such as large non-rigid organ deformations,
occlusions, and abrupt camera motion.

Beyond addressing the immediate segmentation task, this work contributes a
more general perspective on how spatio-temporal reasoning can be structured in
minimally invasive surgery environments. The explicit combination of deformable
sampling, temporal memory, and probabilistic refinement demonstrates that no single
mechanism is sufficient when applied in isolation. Instead, it is the interplay between
these modules that yields the observed robustness across a wide range of surgical
conditions. Deformable convolutions make the network highly responsive to local
geometric variations, whereas memory attention stabilizes predictions over time
and enforces continuity across frames. The HD-CRF then acts as a final structural
constraint, sharpening boundaries and correcting local inconsistencies in ways that
are difficult to achieve through convolution alone.

This synergy represents an important conceptual direction for future research.
Laparoscopic scenes are inherently dynamic, information-rich, and frequently ambigu-
ous, and they rarely conform to the assumptions made by traditional image-centric
models. By adopting a hybrid spatio-temporal architecture, SSTC-Seg moves closer
to how clinicians themselves interpret intraoperative images—by integrating current
visual cues with temporal context and anatomical knowledge.

Experiments conducted on the CholecSeg8k [25] and Dresden Surgical Anatomy
[26] datasets demonstrate that SSTC-Seg achieves state-of-the-art performance across
multiple quantitative metrics, including Accuracy, Dice Coefficient, Jaccard Index,
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and Hausdorff Distance 95. On CholecSeg8k, it consistently outperforms every base-
line models, validating the importance of deformable feature extraction and temporal
reasoning. On the smaller Dresden Surgical Anatomy dataset, SSTC-Seg remains
competitive despite limited data, showing its adaptability to different scales and data
conditions.

Overall, SSTC-Seg advances the state-of-the-art in video-based surgical scene
understanding by providing a spatio-temporal coherent and anatomically adaptive
segmentation framework. This work represents a step toward reliable, computer-
assisted surgical systems, bridging the gap between academic research and practical
clinical deployment.
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