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Abstract
The integration of artificial intelligence into
biomedical image analysis represents a paradigm
shift in clinical decision support and surgical
informatics. Laparoscopic cholecystectomy (LC) is
a widely performed minimally invasive procedure
but remains technically challenging due to limited
visibility, anatomical variations, and the risk of
complications such as bile duct injury. Artificial
intelligence (AI), particularly deep learning
(DL), has shown great potential for improving
intraoperative understanding through automated
surgical video analysis. This review summarizes
recent advances in DL-based LC video analysis,
focusing on semantic segmentation and surgical
action or phase recognition. Existing approaches
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are categorized into convolutional neural networks
(CNNs), transformer-based architectures, and
hybrid spatio-temporal models. For segmentation,
U-Net variants, DeepLab architectures, and
vision transformers are reviewed for identifying
anatomical structures and surgical instruments.
For action and phase recognition, CNN-LSTM
frameworks, 3D CNNs, and video transformers
are discussed for modeling surgical workflows
and temporal dependencies. We also summarize
commonly used datasets, including Cholec80 and
CholecSeg8k, and evaluation metrics such as Dice
score, IoU, accuracy, and F1-score. Major challenges
include data scarcity, inter-surgeon variability,
domain shift, and real-time computational
constraints. Future research should emphasize
self-supervised learning, multi-modal fusion,
and clinically explainable AI to improve
robustness, generalizability, and real-world surgical
deployment.
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Figure 1. Overall framework of deep learning for LC video analysis.

Keywords: laparoscopic cholecystectomy, deep learning,
semantic segmentation, surgical phase recognition, surgical
action recognition.

1 Introduction
Laparoscopic cholecystectomy (LC) is considered the
gold standard surgical procedure for the treatment
of gallbladder diseases due to its minimally invasive
nature, reduced postoperative pain, shorter hospital
stays and faster patient recovery [1, 2]. Although it
is one of the most commonly performed surgeries
worldwide, LC is still associated with significant
intraoperative risks [3]. One of the most critical
complications is injury to the common bile duct,
which can lead to severe long-term morbidity and
require complex corrective procedures. A major
challenge in LC arises from the limited field of view,
presence of smoke, occlusions caused by surgical
instruments, and high variability in patient anatomy,
all of which impede the accurate intraoperative
identification of critical biliary structures and increase
the risk of bile duct injury [4, 6]. These factors
make it difficult for surgeons, especially trainees, to
consistently identify critical anatomical structures
such as the cystic duct, cystic artery, and gallbladder
boundaries [6]. To address these challenges,
computer-assisted surgical systems powered by
artificial intelligence have gained increasing attention.
With the rapid development of deep learning,
particularly convolutional neural networks (CNNs)
and transformer-based architectures, automated
surgical video understanding has become feasible [8].
The rapid proliferation of deep learning research in this

domain is evidenced by bibliometric analyses showing
exponential growth in publications on surgical
instrument segmentation, detection, and tracking [7].
These methods enable machines to learn meaningful
representations directly from laparoscopic video data
without requiring handcrafted features. In the context
of LC, two fundamental computer vision tasks have
emerged as the focus of research [9, 10]. Semantic
segmentation involves pixel-wise classification of
surgical images to identify and localize anatomical
structures and surgical tools. Accurate segmentation
is essential for providing visual guidance, improving
anatomical awareness, and supporting intraoperative
decision-making. The surgical action recognition (or
Phase Recognition) task involves analyzing temporal
sequences of surgical video frames to identify
different phases of the operation, such as preparation,
dissection of Calot’s triangle, clipping and cutting,
and gallbladder extraction [11]. Understanding
surgical workflow progression is crucial for surgical
training, skill assessment, and real-time assistance
systems [12–14].

Early approaches in surgical video analysis
relied on handcrafted features and traditional
machine learning techniques, which struggled to
generalize across different surgical settings [13]. In
contrast, deep learning methods have demonstrated
superior performance by learning hierarchical
representations directly from data. Convolutional
neural networks (CNNs) such as U-Net and DeepLab
have become standard for segmentation tasks,
while recurrent neural networks (RNNs), long
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short-term memory (LSTM) networks, and more
recently transformer-based video models have
significantly advanced temporal modeling in action
recognition [15]. Despite these advancements, several
challenges still limit the deployment of deep learning
systems in real clinical environments [8, 16].

Surgical data are often limited and expensive to
annotate, leading to small and imbalanced datasets.
Additionally, variations in surgical techniques across
different surgeons and hospitals introduce domain
shifts that reducemodel generalization [17]. Real-time
processing constraints further complicate clinical
integration, as surgical assistance systems must
operate with low latency and high reliability [18, 19].
This review aims to systematically analyze recent
advances in deep learning-based segmentation and
action recognition for laparoscopic cholecystectomy
as illustrated in the overall framework presented in
Figure 1. We categorize existing methods, compare
their strengths and limitations, and discuss publicly
available datasets and evaluation protocols [16, 20].
Finally, we identify key research gaps and outline
future directions, including self-supervised learning,
multi-modal fusion of video and instrument data, and
the development of explainable AI systems to improve
clinical trust and adoption [22]. Bridging the gap
between technical advances and clinical adoption will
require clinicians and engineers to share a common
understanding of AImodel capabilities and limitations
in real surgical practice [21].

2 Deep Learning for Semantic Segmentation in
Laparoscopic Cholecystectomy

Semantic segmentation in laparoscopic
cholecystectomy (LC) plays a critical role in
understanding the surgical scene at a pixel level.
Unlike classification tasks that assign a single
label to an entire image, semantic segmentation
provides dense predictions, enabling precise
localization of anatomical structures and surgical
instruments [23]. This fine-grained understanding
is essential in LC because surgeons operate in a
highly constrained environment where accurate
identification of tissues such as the gallbladder,
cystic duct, liver, and surrounding vessels directly
impacts surgical safety [24, 25]. The main challenges
in LC segmentation include occlusions caused
by surgical tools, presence of smoke and blood,
specular reflections from laparoscopic cameras, and
significant variability in anatomy across patients.
These challenges make traditional computer vision

approaches ineffective and have led to the adoption of
deep learning-based methods that can learn robust
hierarchical representations from data.

2.1 CNN-Based Semantic Segmentation Methods
Convolutional Neural Networks (CNNs) are the
foundation of most medical image segmentation
models. The most influential architecture in
surgical vision is the U-Net, which introduced an
encoder–decoder structure with skip connections [36].
Scoping reviews of artificial intelligence applied
to invasive surgical video have confirmed U-Net
and its variants as the dominant family of models
across a broad range of surgical procedures [26].
The encoder progressively reduces spatial resolution
while capturing semantic context, and the decoder
reconstructs spatial details to produce pixel-wise
segmentation masks. Skip connections preserve
fine-grained spatial information, which is crucial
in surgical scenes where anatomical boundaries
are often subtle. Several variants of U-Net have
been proposed to improve performance in LC
segmentation tasks. R2U-Net combines recurrent
and residual convolutional units within the U-Net
encoder–decoder structure, enhancing feature
reusability and gradient propagation across deeper
networks [37]. Attention U-Net introduces attention
gates that suppress irrelevant background features
and focus on anatomically important regions.
U-Net++ redesigns skip connections using nested
and dense convolution pathways to reduce semantic
gaps between encoder and decoder features [28].
In addition to U-Net variants, the DeepLab series
(DeepLabv3 and DeepLabv3+) has been widely
used in surgical segmentation. These models utilize
atrous (dilated) convolutions to expand the receptive
field without increasing computational cost. The
Atrous Spatial Pyramid Pooling (ASPP) module
allows the network to capture multi-scale contextual
information, which is particularly useful in LC
where organs appear at varying scales due to camera
movement [38]. Despite their success, CNN-based
methods are primarily spatial and process frames
independently. This leads to temporal inconsistency
when applied to surgical videos, where structures
may appear unstable across consecutive frames [29].

2.2 Transformer-Based Segmentation Methods
To overcome the limitations of CNNs in capturing
global context, transformer-based architectures
have recently been introduced into surgical
segmentation [3, 30]. Vision Transformers (ViTs)
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divide an image into patches and model relationships
between all patches using self-attention mechanisms.
This allows the network to capture long-range
dependencies, which is especially beneficial in
complex surgical scenes where anatomical structures
may be partially occluded or visually similar. However,
standard ViTs require large-scale datasets, which are
often unavailable in medical domains. To address
this, hierarchical transformer models such as the Swin
Transformer have been proposed. Swin Transformers
apply self-attention within local windows and
progressively merge them across layers, making
them computationally efficient and suitable for
high-resolution medical images [39]. Comparative
studies in laparoscopic surgery have demonstrated
that Transformer-based models such as SegFormer
achieve higher accuracy and better generalizability
than CNN-based counterparts like DeepLabv3 in
anatomical structure segmentation, though often at
the cost of real-time processing capability [31].

Hybrid architectures combining CNNs and
transformers have shown strong performance in
LC segmentation. In these models, CNNs are
used to extract local spatial features such as edges
and textures, while transformers model global
dependencies between anatomical regions. This
combination improves both boundary precision and
contextual understanding. Overall, transformer-based
segmentation models demonstrate superior
generalization ability compared to pure CNNs,
especially in challenging surgical environments with
complex visual variability [32].

2.3 Spatio-Temporal Segmentation in Surgical
Videos

Unlike natural images, laparoscopic videos contain
strong temporal continuity. Consecutive frames are
highly correlated, and ignoring temporal information
often leads to inconsistent segmentation outputs. To
address this, spatio-temporal segmentation models
have been developed. One common approach is
combining CNNs with recurrent neural networks such
as Long Short-TermMemory (LSTM) networks. In this
framework, CNNs extract spatial features from each
frame, while LSTMs model temporal dependencies
across frames. This helps maintain consistency
in predicting anatomical structures over time.
Another approach involves 3D CNNs, which extend
convolution operations into the temporal dimension.
These models process multiple frames simultaneously,
capturing motion-aware representations. However,

3D CNNs are computationally expensive and require
large memory resources. More recently, temporal
attention mechanisms have been introduced into
surgical video analysis. Originally developed for
surgical phase recognition—where models such as
OPERA [33] and Trans-SVNet [35] demonstrated that
assigning differential importance weights to frames in
a sequence allows the network to focus on clinically
relevant moments while suppressing redundant or
noisy frames—these attention strategies have since
been adapted for spatio-temporal segmentation to
improve temporal consistency of predicted masks
across video sequences. A comprehensive summary
of these segmentation methods, including their
backbones, strengths, limitations, and applications, is
provided in Table 1.

2.4 Key Challenges in LC Segmentation
Despite the remarkable progress achieved by deep
learning-based segmentation methods in laparoscopic
cholecystectomy (LC), several critical challenges
still hinder their full performance and clinical
translation, as demonstrated by comparative studies of
segmentation networks on LC datasets [40, 41]. One
of the major difficulties is occlusion and instrument
interference, where surgical tools frequently enter
the camera view and partially or completely block
important anatomical structures such as the cystic
duct, gallbladder, and surrounding tissues. This
makes accurate pixel-level prediction significantly
more complex, as the model must distinguish between
instruments and overlapping organs in a highly
dynamic environment. Another important challenge
is the presence of smoke and blur artifacts, which
are commonly produced during electrocautery and
tissue manipulation. These visual disturbances reduce
image clarity and introduce noise into the input frames,
leading to degraded segmentation performance
and unstable predictions across consecutive frames.
In addition, class imbalance remains a persistent
issue in surgical datasets, where small and less
frequently visible structures such as the cystic duct or
small vessels are heavily underrepresented compared
to dominant background regions like liver tissue
or empty surgical space. This imbalance often
biases models toward larger structures and reduces
sensitivity to clinically critical fine details [42].

Furthermore, inter-patient variability poses a
significant limitation, as anatomical differences in
tissue appearance, fat distribution, and pathological
conditions vary widely across patients. As a result,
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Table 1. Summary of segmentation methods.

Method Backbone Strength Limitation Application

U-Net [36] CNN Simple, effective No temporal info Baseline segmentation
R2U-Net [37] CNN + Recurrent Feature reusability via

recurrent residual blocks
Higher complexity Medical image

segmentation
Attention
U-Net [27]

CNN + Attention Focus on key regions Higher complexity Surgical scenes

DeepLabv3+ [38] CNN + ASPP Multi-scale features High computation Complex anatomy
Swin
Transformer [39]

Transformer Global context Data hungry Advanced segmentation

Figure 2. Key challenges in LC segmentation.

models trained on limited datasets often struggle to
generalize effectively to unseen surgical cases from
different hospitals or surgeons. Lastly, real-time
computational constraints are a key barrier for clinical
adoption, since intraoperative systems require fast
and efficient inference to provide timely feedback
without interrupting surgical workflow. Many
high-performing deep learning models, particularly
transformer-based or complex hybrid architectures,
are computationally expensive and therefore difficult
to deploy in real-time surgical environments [43].
Collectively, these challenges, which are visually
summarized in Figure 2, highlight the need for more
robust, efficient, and generalizable segmentation
frameworks capable of handling noisy surgical
conditions while maintaining high accuracy and
real-time performance.

3 Deep Learning for Action Recognition in
Laparoscopic Cholecystectomy

Action recognition in laparoscopic cholecystectomy
(LC) focuses on identifying and classifying surgical
actions from video sequences, such as cutting,
clipping, dissecting, suctioning, and grasping. Unlike
static image analysis, action recognition requires

understanding both spatial appearance and temporal
dynamics across consecutive frames [43]. The overall
pipeline for deep learning-based action recognition in
laparoscopic cholecystectomy is depicted in Figure 3.
This makes the task significantly more complex, as
surgical actions are highly dependent on motion
patterns, tool-tissue interaction, and procedural
context. Accurate recognition of surgical actions
is essential for workflow analysis, surgical skill
assessment, and automated phase recognition systems.
Beyond workflowmonitoring, AI-based video analysis
has also shown promise for the automated detection
of intraoperative adverse events, enabling timely
clinical intervention [34]. However, LC environments
introduce several challenges, including occlusions
caused by surgical instruments, rapid camera motion,
smoke artifacts, and subtle visual differences between
similar actions, which make robust action recognition
difficult [44]. In the context of surgical video analysis,
it is important to distinguish between two related but
distinct tasks: surgical phase recognition and surgical
action recognition. Surgical phase recognition refers
to the classification of broad, sequential workflow
steps of an operation (e.g., the seven standard
phases in the Cholec80 dataset, such as preparation,
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Figure 3. Overall pipeline of deep learning-based action recognition in laparoscopic cholecystectomy.

Calot’s triangle dissection, and gallbladder extraction).
In contrast, surgical action recognition involves
identifying finer-grained, short-duration events or
tool-tissue interactions, typically defined by a verb,
an instrument, and a target (e.g., “grasping the
gallbladder with forceps”, as seen in the CholecT50
dataset). While phase recognition provides a
macro-level understanding of the workflow, action
recognition offers micro-level insights into specific
surgical procedures. This section discusses deep
learning approaches applicable to both temporal
modeling tasks.

3.1 CNN-Based Action Recognition Methods
Convolutional Neural Networks (CNNs) form the
foundation of many early and modern surgical action
recognition models. Initially, 2D CNN architectures
such as VGGNet, ResNet, and Inception networks were
applied to extract spatial features from individual
frames. These models effectively capture visual
information such as surgical instruments, anatomical
structures, and tissue appearance. However, since
2D CNNs process frames independently, they fail to
model temporal dependencies, which are essential for
distinguishing surgical actions that differ primarily
in motion rather than appearance [45, 46]. To
address this limitation, many approaches combine
CNNs with temporal modeling techniques. A
common framework is the CNN–LSTM architecture,
where CNNs extract spatial features from each frame
and Long Short-Term Memory (LSTM) networks
model temporal dependencies across frame sequences.
This hybrid approach has been widely used in
LC action recognition to capture surgical workflow
progression and improve temporal consistency in
predictions. Variants such as Gated Recurrent Units
(GRUs) have also been explored due to their simpler
structure and faster computation. Despite their
effectiveness, CNN–RNN based methods still struggle
with long-range temporal dependencies and may fail

to capture complex interactions between distant frames
in long surgical videos [18].

3.2 3D CNN-Based Action Recognition Methods
To better capture spatio-temporal information, 3D
Convolutional Neural Networks (3D CNNs) were
introduced. Unlike 2D CNNs, 3D CNNs apply
convolution operations across both spatial and
temporal dimensions, enabling the model to learn
motion-aware representations directly from video
clips. Popular architectures such as C3D and I3D
(Inflated 3D ConvNet) have been widely adopted
in surgical action recognition tasks. In LC videos,
3D CNNs are particularly effective in recognizing
dynamic actions such as dissection and clipping,
where motion patterns are critical. These models
learn joint spatial-temporal features, allowing them
to better differentiate between visually similar actions.
However, 3D CNNs are computationally expensive,
require large memory resources, and depend heavily
on large, annotated datasets, which are often limited
in medical domains [22].

3.3 Transformer-Based Action Recognition
Methods

Recently, transformer-based architectures have
emerged as a powerful alternative for surgical
action recognition. Vision Transformers (ViTs)
and Video Transformers utilize self-attention
mechanisms to model long-range dependencies across
frames [24]. This allows the network to capture global
temporal relationships, which is particularly useful
in LC procedures where surgical actions may be
temporally distributed and not strictly sequential.
Transformer-based models divide video inputs
into patches or tokens and compute relationships
between them using attention mechanisms. This
enables better modeling of complex temporal
interactions compared to RNN-based methods.
However, standard transformers require large-scale
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Figure 4. Comparison of deep learning architectures for action recognition in LC.

datasets for training, which limits their direct
application in medical video analysis [47]. To address
this, efficient variants such as TimeSformer and
long-range video transformers specifically designed
for surgical phase recognition [48], as well as
hierarchical transformers like Swin Transformer-based
video models, have been proposed, reducing
computational complexity while maintaining strong
performance in capturing both local and global
temporal dependencies. The integration of such
efficient transformer architectures into endoscopic
and surgical AI systems represents a key trend in the
broader field of surgical automation [49]. A visual
comparison of these deep learning architectures for
action recognition in LC is presented in Figure 4.

3.4 Hybrid Deep Learning Approaches
To leverage the strengths of different architectures,
hybrid models combining CNNs, RNNs, and
Transformers have been widely explored. In these
frameworks, CNNs are used to extract spatial features,
RNNs capture short-term temporal dynamics,
and attention mechanisms or transformers model
long-range dependencies. Such hybrid architectures
are particularly effective in LC action recognition
because they can simultaneously handle spatial
complexity, temporal continuity, and global context.
Some approaches also incorporate temporal attention
mechanisms to selectively focus on clinically relevant
frames while suppressing redundant or noisy
information. Overall, hybrid methods provide a more
balanced solution for surgical action recognition
by combining spatial feature extraction with both

short-term and long-term temporal modeling [50].
Table 2 provides a detailed summary of these deep
learning-based action recognition methods in LC.

3.5 Key Challenges in LC Action Recognition
Despite significant advancements in deep
learning-based action recognition for laparoscopic
cholecystectomy, several challenges still limit
performance and clinical deployment. One major
challenge is visual ambiguity between actions, where
different surgical steps may appear visually similar,
especially when observed frame-by-frame without
temporal context. This makes it difficult for models to
accurately distinguish between actions such as cutting
and dissecting [11]. Another critical issue is occlusion
and tool interaction, where surgical instruments
frequently obstruct anatomical structures, leading to
incomplete or misleading visual information. Smoke,
blur, and lighting variations further degrade video
quality and introduce noise into the recognition
process [56]. Class imbalance is also a significant
challenge, as some surgical actions occur much more
frequently than others, causing models to be biased
toward dominant classes while underperforming on
rare but clinically important actions. Additionally,
inter-surgeon variability introduces inconsistencies in
surgical style, making it difficult for models trained on
limited datasets to generalize across different surgical
environments [14]. Finally, real-time processing
constraints remain a major barrier for clinical adoption.
Many high-performing transformer-based or 3D CNN
models are computationally expensive, making them
difficult to deploy in real-time intraoperative systems
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Table 2. Summary of deep learning-based action recognition methods in LC.
Method Models Key Idea Strengths Limitations

CNN + Temporal
Memory [51]

ResNet + Non-local
Temporal Bank

Long-range temporal relation
modeling for surgical workflow

Robust long-term dependency
modeling

Complex memory bank
mechanism

CNN + Temporal
Graph [52]

CNN + Position-Aware
Graph Network

Spatial CNN features with
graph-based temporal phase
modeling

Structured temporal
dependencies

Graph complexity, limited
scalability

3D CNN-based [53] C3D, I3D Spatio-temporal convolution
over video clips

Strong motion modeling High computational cost

Multi-task Global
Reasoning [54]

CNN + Global Reasoning
Module

Joint multi-task learning for
surgical scene understanding

Simultaneous multi-label
recognition

Requires multi-task annotation

Hybrid models [55] CNN + LSTM +
Attention / Transformer
hybrids

Combined spatial + temporal +
attention

Balanced performance, robust Complex architecture

Figure 5. Key challenges in LC action recognition.

where fast and reliable predictions are required [57].
These key challenges in LC action recognition are
further highlighted in Figure 5.

4 Public Datasets and Evaluation Metrics
The advancement of deep learning models in
laparoscopic cholecystectomy (LC) is heavily
dependent on the availability of high-quality,
annotated datasets and standardized evaluation
protocols. Public datasets have played a pivotal role
in benchmarking algorithms, fostering reproducible
research, and driving the development of robust
surgical AI systems. Several public datasets have
been established to support research in surgical
segmentation and action recognition [58]. Cholec80
is one of the most widely used datasets for surgical
phase recognition, consisting of eighty full-length LC

videos with temporal annotations for seven distinct
surgical phases, serving as the primary benchmark
for action and workflow recognition [10]. Derived
from this, CholecSeg8k provides pixel-wise semantic
segmentation annotations for 8,080 keyframes,
including thirteen classes that cover critical anatomical
structures and surgical instruments, making it a
standard benchmark for LC segmentation [59]; more
recently, CholecInstanceSeg has extended this line
with tool instance segmentation annotations [60].
Additionally, CholecT50 comprises fifty videos
focusing on fine-grained surgical action triplets
(instrument, verb, target) alongside tool and phase
labels [46]. The HeiChole benchmark offers a
comprehensive multi-task resource containing videos
annotated for actions, phases, tools, and instrument
presence, which is highly valuable for developing
multi-task and hybrid models [14]. Furthermore,
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the annual Endoscopic Vision (EndoVis) challenges
hosted at the MICCAI conference provide specialized
datasets for tasks such as instrument segmentation,
tracking, and surgical scene parsing [61].

To ensure fair comparison across different models,
standardized evaluation metrics are employed for
both segmentation and action recognition tasks.
For semantic segmentation, the Dice Similarity
Coefficient (DSC), or F1-score, is the most common
metric, measuring the overlap between the predicted
segmentation mask and the ground truth, which is
particularly important for evaluating small structures.
The Intersection over Union (IoU), or Jaccard Index,
calculates the ratio of the intersection to the union
of the predicted and ground truth masks, providing
a strict measure of localization accuracy [62]. Pixel
accuracy is also utilized, though it can be misleading
in cases of severe class imbalance, which is common
in surgical scenes. For action and phase recognition,
frame-wise accuracy measures the percentage of
frames where the predicted action or phase matches
the ground truth label. MeanAverage Precision (mAP)
is often utilized for tool detection and multi-label
action recognition to evaluate performance across
different classes. Additionally, temporal metrics such
as the Edit Score and Frame-wise Jaccard are used to
evaluate howwell amodel predicts the boundaries and
sequence of surgical phases, specifically penalizing
over-segmentation and fragmented predictions [63].

5 Future Research Directions
Despite the remarkable progress in applying deep
learning to LC video analysis, several critical gaps
remain, and addressing these challenges will require
innovative approaches to data efficiency, model
interpretability, and clinical integration. One
promising direction is the adoption of self-supervised
andunsupervised learning. The reliance on large-scale,
manually annotated datasets remains a significant
bottleneck in surgical AI. Self-supervised learning
offers a viable solution by allowing models to learn
robust feature representations from vast amounts of
unannotated surgical videos. By designing pretext
tasks, such as predicting the temporal order of
video clips or reconstructing masked video patches,
self-supervised learning can significantly reduce the
dependency on expensive pixel-wise and temporal
annotations, enabling models to generalize better
across different surgical domains [64].

Another crucial area for future research is multi-modal
fusion for context-aware systems. Current models

predominantly rely on visual data alone, yet the
operating room is a highly multi-modal environment
in which diverse data streams—including video,
depth, instrument kinematics, and audio—co-occur
simultaneously. Semantic scene graph frameworks
developed for holistic OR modeling, such as
4D-OR [65], demonstrate the feasibility and value of
integrating these modalities and offer a generalizable
blueprint for multi-modal fusion in laparoscopic
cholecystectomy analysis. Integrating visual data
with other modalities, such as surgical instrument
kinematics from robotic systems, tool usage logs,
audio, and preoperative patient data, can provide a
more holistic understanding of the surgical scene [45].
This fusion can improve the accuracy of action
recognition and enable prescriptive AI systems that
anticipate the surgeon’s next steps and dynamically
assess surgical safety metrics like the Critical View
of Safety [66? ]. Furthermore, the development of
clinically explainable AI (XAI) is essential for the
adoption of these systems in high-stakes clinical
environments. Deep learning models often operate as
black boxes, and developing XAI techniques tailored
for surgical video, such as generating attention
maps that highlight influential anatomical regions or
providing natural language explanations for phase
transitions, will bridge the gap between algorithmic
output and clinical trust [67].

Additionally, real-time optimization and edge
deployment must be prioritized. Intraoperative
AI systems must operate with ultra-low latency to
provide actionable feedback without disrupting the
surgical workflow. Future research should focus
on model compression techniques to deploy heavy
transformer-based models on edge computing devices
within the operating room. Knowledge distillation,
which transfers learned representations from a large
teacher model into a compact student network and
has been demonstrated to be effective for model
compression in endoscopic image analysis [5],
alongside network pruning and quantization, offers
a principled pathway for reducing the inference cost
of surgical AI models without sacrificing predictive
accuracy. Finally, the emergence of foundation
models and surgical vision-language models
presents a paradigm shift. Adapting large-scale
foundation models to the surgical domain through
domain-specific fine-tuning could enable zero-shot
or few-shot segmentation and action recognition,
drastically reducing the need for task-specific model
training and handling the high variability and long-tail
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distribution of rare surgical events [68].

6 Conclusion
Deep learning has revolutionized the analysis
of laparoscopic cholecystectomy videos, offering
unprecedented capabilities in semantic segmentation
and action recognition. By automating the
identification of critical anatomical structures
and surgical workflow phases, these technologies
hold immense potential for enhancing intraoperative
safety, improving surgical training, and enabling
real-time computer-assisted interventions. This
review has systematically categorized the evolution
of these methods, from foundational convolutional
neural networks and U-Net variants to advanced
spatio-temporal models and transformer-based
architectures. While significant strides have
been made in model performance, the transition
from retrospective research to prospective clinical
deployment is hindered by challenges such as data
scarcity, domain shift, visual artifacts, and real-time
computational constraints. Overcoming these barriers
will require a concerted shift toward data-efficient
learning paradigms like self-supervised learning,
the integration of multi-modal clinical data, and the
development of explainable, lightweight AI systems.
As the field progresses toward the integration of
surgical foundation models and context-aware
prescriptive AI, the ultimate goal of highly assisted,
intelligent operating rooms is becoming increasingly
attainable. Continued collaboration between computer
scientists, clinical surgeons, and regulatory bodies
will be essential to ensure these technologies are safe,
robust, and ultimately beneficial for patient outcomes.
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