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Abstract

Gallstone disease is a common diagnosis that can lead to life-threatening conditions if untreated. Laparoscopic
cholecystectomy (LC) is the gold standard procedure for gallbladder removal, and, despite being safer than open
surgery, major complications can still arise, leading to decreased patient survival and significant healthcare costs.
The risks of complications are correlated with preoperative and intraoperative findings and, ultimately, the operative
difficulty. Prediction of the LC operative difficulty (LCOD) could reduce the risk of adverse events by stratifying
patients and assigning surgeons with the relevant skills. At the same time, there is a need to identify objective,
clinically meaningful, and operator-independent definitions of LCOD. With that in mind, this study investigates deep
spatiotemporal models for predicting LCOD in surgical videos, utilizing a novel dataset of 100 LC surgeries annotated
with intraoperative features indicative of operative difficulty. We introduce spatiotemporal prediction pipelines that
employ state-of-the-art deep learning architectures for both spatial and temporal sequence modeling. Our results
demonstrate that spatiotemporal models enhance prediction performance compared to spatial-only models. These
findings underscore the importance of temporal context in surgical video analysis and highlight the potential for
improved intraoperative decision-making.

Keywords: Surgical workflow analysis, Laparoscopic surgery, Cholecystectomy, Deep learning, Transfer learning,
Spatiotemporal modeling

1. Introduction

Gallstone disease is a common diagnosis in devel-
oped countries, especially among female and older pop-
ulations (Russo et al., 2004; Shaffer, 2005, 2006). While
most patients with gallstones are asymptomatic, nearly
one in ten may develop symptoms or complications
that require treatment (Halldestam et al., 2004). If un-
treated, gallstones can develop into life-threatening con-
ditions such as acute cholecystitis, cholangitis, obstruc-
tive jaundice, and acute pancreatitis (Kanakala et al.,
2011).

Laparoscopic cholecystectomy (LC) is a minimally
invasive surgical procedure for gallbladder removal,

which replaced open surgery to become the standard
treatment for symptomatic gallstone disease (Bittner,
2004). Compared to open surgery, LC reduces hospital-
ization, recovery time, and complications (Barkun et al.,
1993). Despite its low operative morbidity and mortal-
ity rates (Pucher et al., 2018), major complications can
still occur during an LC operation (Deziel et al., 1993;
Pucher et al., 2018). One notorious example is bile duct
injury, which is associated with adverse patient survival
(Tornqvist et al., 2012, 2009) and significant costs to the
healthcare system (Andersson et al., 2008; Halle-Smith
et al., 2019).

The risk of complications in LC has been correlated
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to preoperative (Kanakala et al., 2011; Murphy et al.,
2010; Terho et al., 2016) and intraoperative (Kanakala
et al., 2011; Terho et al., 2016) factors, which can im-
pact the operative difficulty (Hussain, 2011). Prediction
of the operative difficulty in LC could reduce the risk
of adverse events by stratifying patients and assigning
surgeons with the relevant skills (Griffiths et al., 2019).

Recently, a systematic review by Vannucci et al.
(2022) analyzed different definitions of LC operative
difficulty (LCOD) in the literature and current statisti-
cal models used for the preoperative prediction of these
attributes. The study observes that there is no clear
consensus on the definition of LCOD and that some
definitions, such as operating time and intraoperative
events, are biased toward surgeons’ skills. To remedy
that, the study suggests using video-based assessment
of LC videos annotated with scales defining intraopera-
tive findings to identify objective, clinically meaningful,
and operator-independent definitions of LCOD. More
specifically, it suggests using artificial intelligence sys-
tems to automate, increase prediction performance, and
facilitate using best-identified models.

To the best of our knowledge, this is still an unex-
plored area in literature. To address this gap, clinical
partners have built a large dataset with 100 videos anno-
tated with LC-specific intraoperative features based on
difficulty scales available in the literature, with the goal
of investigating meaningful and operator-independent
definitions of LCOD.

Working with this novel dataset, the present study
aims to predict intraoperative features related to opera-
tive difficulty in LC videos. To accomplish that, we im-
plement deep learning models for LCOD prediction and
explore approaches for incorporating time series infor-
mation through spatiotemporal models to enhance pre-
diction. This research aims to facilitate the development
of clinical tools for intraoperative surgical analysis and
planning in LC, ultimately improving patient outcomes
and surgical efficiency.

2. State of the art

2.1. Surgical workflow analysis in LC

Surgical workflow analysis (SWA) research aims to
develop context-aware systems to support surgeons’
decision-making and improve the safety and effective-
ness of surgical procedures. Significant progress has
been made in the field in recent years, with the yearly
number of publications in the field steadily increasing
following breakthroughs in deep learning (Demir et al.,
2023).

This has been addressed in LC by proposing methods
for different tasks. Twinanda et al. (2017) introduces
EndoNet, a convolutional neural network (CNN) specif-
ically designed for phase recognition and tool presence

detection in laparoscopic videos. Unlike previous meth-
ods that rely heavily on handcrafted features or tool us-
age signals obtained through manual annotation or ad-
ditional equipment, EndoNet uniquely leverages visual
information directly from surgical videos. The authors
propose a multi-task CNN architecture that jointly per-
forms phase recognition and tool presence detection,
achieving state-of-the-art results in both tasks. To vali-
date their approach, they created the Cholec80 dataset,
consisting of 80 cholecystectomy videos annotated for
surgical phases and tool presence.

More recent studies address the action triplet recog-
nition task, an approach for providing fine-grained and
comprehensive insights into surgical activities. The
study by Nwoye et al. (2022) introduced a novel frame-
work, Rendezvous (RDV), for the recognition of sur-
gical action triplets, which include instrument, verb,
and target combinations, from endoscopic video data.
This model leverages a Class Activation Guided Atten-
tion Mechanism (CAGAM) to identify verbs and tar-
gets based on instrument activations and a Multi-Head
of Mixed Attention (MHMA) to capture complex se-
mantic relationships between the triplet components.

Building on top of RDV, Sharma et al. (2023a) pro-
poses Rendezvous in Time (RiT), which leverages tem-
poral cues from earlier frames to improve the recogni-
tion of surgical action triplets from videos. By focusing
on the verb component of triplets and employing a tem-
poral attention mechanism, RiT achieves smoother pre-
dictions and enhanced accuracy compared to previous
approaches.

In Sharma et al. (2023b), the authors propose a novel
two-stage network, MCIT-IG (Multi-Class Instrument-
aware Transformer - Interaction Graph), which lever-
ages instrument spatial information and target embed-
dings to improve triplet detection. The MCIT stage
learns class-wise embeddings of the targets, while the
IG stage constructs a bipartite dynamic graph to model
interactions between instruments and targets. Their
mixed-supervised learning strategy demonstrates im-
proved performance on both instrument localization and
triplet detection.

The study by Mascagni et al. (2022) presents a novel
approach using deep learning algorithms to automat-
ically segment hepatocystic anatomy and assess the
achievement of the critical view of safety (CVS) dur-
ing LC, which requires accurate identification of key
anatomical structures and their geometric relationships.
By analyzing still images from LC videos, the authors
trained a deep neural network to recognize key anatom-
ical structures, such as the gallbladder, cystic duct, and
cystic artery. Additionally, the model predicts CVS cri-
teria achievement, which is crucial for preventing bile
duct injuries.

In Murali et al. (2024), the authors propose a novel
method for CVS prediction that leverages a disen-
tangled latent graph representation, explicitly encod-
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ing semantic information and visual features. Their
approach outperforms several baseline methods, even
when trained with bounding box annotations, and main-
tains state-of-the-art performance when trained with
segmentation masks.

At the moment, though, the prediction of LCOD in
SWA remains an unexplored area.

2.2. Transfer learning

Transfer learning is a machine learning technique
where a pre-trained model, trained on a large dataset,
is utilized as the foundation for a new, related task.
This method significantly reduces training time and im-
proves performance, especially when the new task has
limited data. The pre-trained model’s learned features
are either fine-tuned or used for feature extraction on
the new dataset, enabling better generalization and effi-
ciency. Transfer learning is widely applied in domains
such as image recognition, natural language process-
ing, and speech recognition, demonstrating its efficacy
in leveraging existing knowledge to enhance model per-
formance on specific, data-constrained tasks.

Transfer learning has been extensively used in SWA
to improve model performance (Mascagni et al., 2022;
Murali et al., 2024; Nwoye et al., 2022; Sharma et al.,
2023a; Twinanda et al., 2017). Pre-trained models, such
as those trained on large image datasets like ImageNet
(Deng et al., 2009), are fine-tuned on surgical data to en-
hance their capability to recognize and classify surgical
phases and actions.

2.3. Self-supervised learning

Self-supervised learning (SSL) is a subset of ma-
chine learning where the model learns to generate la-
bels from the data itself rather than relying on manu-
ally labeled datasets. This approach leverages inherent
structures and patterns within the data to create proxy
tasks, enabling the model to learn useful representa-
tions. SSL is especially useful in scenarios where la-
beled data is scarce or expensive to obtain, as it ex-
ploits large amounts of unlabeled data to pre-train mod-
els, which can then be fine-tuned on smaller labeled
datasets. Applications of SSL span various domains,
including computer vision, where it aids in tasks like
image classification and object detection, and natural
language processing, where it enhances language mod-
els by learning from raw text. This method significantly
reduces the dependency on extensive labeled datasets,
making it a valuable tool for advancing machine learn-
ing capabilities in data-constrained environments.

Momentum Contrast (MoCo), introduced by He et al.
(2020), is a framework for unsupervised visual repre-
sentation learning. MoCo formulates contrastive learn-
ing as a dictionary look-up problem, maintaining a dy-
namic dictionary through a queue and a momentum-
updated encoder. The queue enables the use of a large

set of negative samples, decoupling the dictionary size
from the mini-batch size, and the momentum update
ensures that the encoder evolves slowly, maintaining
consistency in the representations. MoCo demonstrates
competitive results on ImageNet classification and su-
perior transferability to downstream tasks such as object
detection and segmentation, often outperforming super-
vised pre-training counterparts.

Building on this, Chen et al. (2020b) proposed MoCo
v2, which integrates a multilayer perceptron (MLP)
projection head and stronger data augmentation into
the MoCo framework. These enhancements are in-
spired by the SimCLR framework (Chen et al., 2020a).
These modifications, while simple, significantly en-
hance the quality of the learned representations. MoCo
v2 achieves superior results across various tasks with-
out the need for large training batches, making it more
computationally efficient and accessible. With these im-
provements, MoCo v2 establishes new baselines in un-
supervised learning, outperforming SimCLR in image
classification and object detection tasks.

In recent years, the application of self-supervised
learning (SSL) methods in SWA has gained significant
interest due to their potential to improve performance
in label-scarce scenarios. In the study by Ramesh et al.
(2023), various SSL techniques were evaluated on the
Cholec80 dataset, focusing on tasks such as surgical
phase recognition and tool presence detection. Among
the methods tested, MoCo v2 consistently outperformed
other SSL approaches, particularly in low-label settings,
demonstrating up to 6.1% improvement in single-frame
phase recognition and 14.7% in tool presence detection
with minimal labeled data. This indicates MoCo v2’s
robustness and adaptability to surgical contexts, rein-
forcing its utility in scenarios where labeled data is lim-
ited.

2.4. Temporal modeling

Temporal modeling is essential for analyzing sequen-
tial data, such as surgical videos, where the temporal
context provides critical information about the evolu-
tion and transitions of surgical tasks. By capturing the
sequence and timing of events, temporal modeling helps
in understanding the dynamic interactions and changes
that occur throughout the procedure. This approach al-
lows for a more accurate identification of phase transi-
tions and the recognition of patterns that are crucial for
effective surgical analysis and intervention planning.

Twinanda (2017) proposes a two-step approach that
integrates long short-term memory (LSTM) networks
for surgical phase recognition. This approach extends
the EndoNet framework by first extracting visual fea-
tures using CNNs and then employing LSTM networks
to capture temporal dependencies across these features.
This method aims to address the limitations of hier-
archical hidden Markov models (HHMM) by leverag-
ing LSTMs to model long-term dependencies more ef-
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fectively. The experimental results, particularly on the
Cholec80 dataset, demonstrate that EndoLSTM outper-
forms HHMM-based EndoNet in both offline and online
phase recognition scenarios, highlighting its efficacy in
improving surgical phase detection accuracy and relia-
bility.

Czempiel et al. (2020) introduced TeCNO, a novel
approach leveraging Multi-Stage Temporal Convolu-
tional Networks (MS-TCNs) (Farha and Gall, 2019) for
hierarchical prediction refinement in surgical workflow
analysis. Their method utilizes causal, dilated convolu-
tion refined in a multi-stage architecture to enable large
receptive fields and smooth online inference during am-
biguous transitions, outperforming various LSTM mod-
els on laparoscopic cholecystectomy datasets. This ap-
proach, which separates feature extraction and temporal
refinement stages, addresses the limitations of capturing
long-term dependencies inherent in LSTM-based meth-
ods, paving the way for more robust and efficient surgi-
cal phase recognition.

In recent years, the integration of Transformers in
computer vision tasks has garnered significant atten-
tion, particularly for surgical workflow analysis. Jin
et al. (2022) introduced Trans-SVNet, a hybrid em-
bedding aggregation Transformer designed to enhance
real-time surgical workflow analysis by effectively inte-
grating spatial and temporal features. Unlike conven-
tional methods that sequentially encode spatiotempo-
ral features, Trans-SVNet utilizes a Transformer-based
approach to jointly consider spatial and temporal em-
beddings, thereby preserving critical intermediate fea-
tures and improving workflow recognition and anticipa-
tion accuracy. Evaluated on three large surgical video
datasets, the proposed method demonstrated superior
performance in both recognition and anticipation tasks.

2.5. Contributions

Building on the foundation of advancements in SWA
for LC, this study’s contributions are:

o Study of operative difficulty in LC: we perform a
study of deep learning architectures on the assess-
ment of operative difficulty in LC videos (LCOD
prediction).

o Exploration of spatial-only models: we investi-
gate spatial-only models for LCOD prediction, fo-
cusing on methods that rely on visual information
from surgical videos. These models will serve as
a baseline for understanding the capacity of spatial
features alone in predicting operative difficulty.

e [Integration of temporal information: recognizing
the importance of temporal context in surgical
video analysis, we explore various approaches for
incorporating temporal information into our mod-
els.

o Transfer learning with SSL: we employ transfer
learning techniques using SSL pre-trained models
within the same domain. Specifically, we lever-
age models from Ramesh et al. (2023), which
were pre-trained on the Cholec80 dataset using
MoCo v2, which has shown superior performance
in low-label settings for tasks such as surgical
phase recognition and tool presence detection.

3. Material and methods

This section presents the details of our dataset, the
methodology employed, the deep learning models used,
the experiments planned, the evaluation metrics, and the
implementation details.

3.1. Dataset

For this work, we use a novel dataset containing 100
videos of LC surgeries of varying difficulty performed
at [HU Strasbourg. The dataset was constructed by se-
lecting 25 videos per quartile from a database of 326 LC
videos ranked according to operation duration, intended
to act as a surrogate of LCOD. The videos were cap-
tured at 25 frames per second (FPS) and downsampled
to 1 FPS for processing.

The dataset consists of 90 LCOD features annotated
with binary presence information per surgical phase
based on five intraoperative difficulty scales: Cuschieri
(Hanna et al., 1998), Nassar (Nassar et al., 1995), Sug-
rue (Sugrue et al., 2015), Parkland grading scale (PGS)
(Madni et al., 2018), and Iwashita (Iwashita et al.,
2017). The annotation was performed independently
by three raters with different levels of surgical exper-
tise. The annotations from three raters are uniformly
averaged to obtain the final value. The annotations are
multi-label in nature, where a phase may have multiple
LCOD features present simultaneously.

Table 1: Surgical phases observed in the dataset and their mean dura-
tion.

ID Phase Duration (s)

P1  Trocar Placement and 798 + 1059
Preparation

P2 Hepatocystic Triangle 1085 + 967
Dissection

P3  Clipping and Cutting 255 £ 617

P4  Gallbladder Bed Dissection 621 £ 455

P5  Gallbladder Packaging, 748 + 550
Extraction, Cleaning, and
Coagulation

P6  Subtotal Cholecystectomy 726 + 369

Table 1 reports the phases observed in the 100 videos
and their average duration computed across videos. The
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(a) Excessive visceral fat.

(b) Adhesions.

(c) Hyperemia/inflammation of the gallbladder.

(d) Distended gallbladder.

Figure 1: Representative video frames showcasing examples of annotated LCOD features from the dataset.

subtotal cholecystectomy phase (P6), a bailout proce-
dure, is observed in only four videos.

In this study, we include only LCOD features that ap-
pear in at least 8 videos, resulting in 20 features cover-
ing the first four phases. To balance the proportion of
LCOD features in training, validation, and testing sets,
we apply multi-label stratified sampling (Sechidis et al.,
2011) to the dataset, resulting in 52 training, 10 valida-
tion, and 38 testing videos.

Table 2 contains the final list of LCOD features and
their number of occurrences in each set. Figures lato 1d
show examples of LCOD features and their representa-
tive frames, highlighting the anatomical variations ob-
served for the features.

We concentrate on the first two phases, as the iden-
tification of LCOD assessment features in these phases
can assist surgeons in managing the complexity of the
surgical procedure, such as by assigning a more expe-
rienced surgeon. Additionally, most of the LCOD fea-
tures are annotated in the first two phases compared to
other phases.

3.2. Methodology

We formulate LCOD prediction as a multi-label clas-
sification task performed for each surgical phase sepa-
rately, ensuring that each phase is independently mod-
eled for better prediction. We employ two main deep
learning-based pipelines: the first utilizes state-of-the-
art models that analyze individual frames for LCOD

classification, and the second leverages temporal mod-
els to enhance predictions by capturing temporal sig-
nals. Additionally, we conduct multi-class phase recog-
nition using our dataset and compare the performance
across various model initializations. Figure 2 illustrates
these pipelines.

Spatial-only pipeline. We implement the architecture
described in Figure 2a. Each video frame is input to a
deep learning model for visual feature extraction, then
to a fully connected layer, followed by sigmoid activa-
tion to generate a multi-label probability score. To pro-
duce a single result for the phase, we average all predic-
tions for each video to generate a video-wise prediction
score.

In addition to LCOD feature prediction, we train and
evaluate spatial models for phase recognition in our
dataset, as shown in Figure 2b. We use the same method
described above, with a few key differences. After the
features go through the fully connected layer, we per-
form a softmax operation to obtain multi-class proba-
bilities for each class. In this case, the video-wise aver-
aging of the probabilities is not performed.

In this study, the term spatial-only model is used in-
terchangeably to refer to both the deep learning model
used for feature extraction and the whole pipeline de-
scribed above.

Spatiotemporal pipeline. We implement the method
described in Figure 2c. To predict LCOD features,
we want to use all the frames in each phase to cap-
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Table 2: List of annotated LCOD features and their occurrence across training, validation, and testing sets.

Phase ID  Feature

# Occurrences

Train Validation Testing Total

Excessive visceral fat 39 5 29 73
Fat-laden falciform ligament 37 7 32 76
Adhesions 37 5 29 71
P1 Adhesions limiting access to the abdominal cavity 9 2 8 19
Liver hypertrophy preventing gallbladder retraction 4 1 3 8
Floppy, non adherent gallbladder 25 5 13 43
Hyperemia/inflammation of the gallbladder 10 1 8 19
Distended gallbladder 12 1 21
Hepatocystic triangle visible 19 5 16 40
Clear, thin cystic plate 8 4 9 21
Fat-laden cystic plate 36 5 27 68
P Dilated cystic plate 9 3 8 20
Cystic duct seen with retraction 12 5 11 28
Critical view of safety: two structures 34 5 26 65
Critical view of safety: hepatocystic triangle 39 8 31 78
Critical view of safety: cystic plate 20 5 25 50
P3 Gallbladder packed with stones 5 1 4 10
Easy bleeding at dissection of gallbladder fossa 6 1 5 12
P4 Edematous changes in gallbladder fossa 14 2 12 28
Fibrotic gallbladder fossa 11 3 10 24
All features 386 74 314 774

ture temporal information. However, using the origi-
nal frame images as inputs is unfeasible due to mem-
ory constraints. As a workaround, we implement a two-
stage approach. First, we generate and store a spatially
pooled representation of each frame using a pre-trained
model as a visual feature extractor. This work uses pre-
trained models on phase recognition tasks for feature
extraction. In the next stage, the features of all the video
frames are concatenated together in sequential order and
input to a temporal model for refinement. The refined
features are passed to a fully connected layer, followed
by sigmoid activation, to generate a final multi-label
prediction score for a given video.

In this study, the term spatiotemporal model is used
interchangeably to refer to both the model architecture
used for temporal refinement and the whole pipeline de-
scribed above.

3.3. Spatial-only deep learning architectures

This section describes the deep learning architec-
tures utilized for feature extraction in the spatial-only
pipeline. These models are designed to capture spatial
features from individual video frames.

ResNet. Introduced by He et al. (2016), the residual
network (ResNet) is a CNN that utilizes residual skip
connections to mitigate the vanishing gradient problem,
enabling the construction of deeper networks. ResNet’s

architecture comprises multiple residual blocks, each
containing two or more convolutional layers and a skip
connection. This skip connection adds the input of the
block to its output, effectively enabling the network to
learn identity mappings that preserve gradient flow. The
key innovation here is the ability to train deep networks
that retain high performance on complex tasks. Our ex-
periments use ResNet-18 and ResNet-50 variants, with
18 and 50 layers, respectively.

EfficientNetV2. EfficientNetV2, introduced by Tan
and Le (2021), represents a family of CNNs that op-
timize both accuracy and efficiency through a system-
atic scaling approach. Unlike traditional models that
arbitrarily scale dimensions (depth, width, and resolu-
tion), EfficientNetV2 uses a compound scaling method.
This method uniformly scales all dimensions in a prin-
cipled manner, balancing the trade-offs between net-
work size and performance. EfficientNetV2 builds on
the success of its predecessor, EfficientNet (Tan and
Le, 2019), by introducing several enhancements, such
as improved training speed and parameter efficiency.
The network employs advanced techniques like Fused-
MBConv, which merges depthwise and pointwise con-
volutions for faster training, and progressive learn-
ing, which gradually increases image size during train-
ing to stabilize the learning process. We employ the
EfficientNetV2-XL (EffNetV2-XL) variant in our ex-
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Figure 2: Illustration of methods explored. a) Pipeline using spatial-only pre-trained models for LCOD prediction. b) We modify the pipeline in a)
to perform phase recognition. c¢) Pipeline for LCOD prediction using features extracted in b) for temporal refinement using temporal models.

periments, the largest model in the EfficientNetV2 fam-
ily.

Swin Transformer. The Swin Transformer, pro-
posed by Liu et al. (2021), introduces a novel hier-
archical vision transformer architecture that efficiently
processes high-resolution images by computing self-
attention within local windows. Unlike traditional trans-
formers that operate on global self-attention, the Swin
Transformer restricts self-attention to non-overlapping
windows, significantly reducing computational com-
plexity and memory usage. One of the key innovations
of this architecture is its ability to shift the windows
across different layers. This shift mechanism allows
cross-window connections, enabling the model to cap-
ture long-range dependencies and contextual informa-
tion effectively. The hierarchical structure of the Swin
Transformer consists of stages, each reducing the spatial
resolution and increasing the number of feature chan-
nels, similar to CNNs. Our experiments use the Swin-S
variant, a smaller variant that balances model complex-
ity and performance.

3.4. Spatiotemporal deep learning architectures

This section describes the deep learning architectures
utilized in the spatiotemporal pipeline. We use those
models to refine the spatial features extracted from indi-
vidual video frames.

RNN-based models.  Recurrent neural networks
(RNNG5) are designed to handle sequential data by main-
taining a hidden state that captures information from
previous time steps. These models are effective in cap-
turing short-term dependencies but may struggle with
longer sequences due to issues like vanishing gradi-
ents (Bengio et al., 1994). Long short-term memory
(LSTM), introduced by Hochreiter and Schmidhuber
(1997), is a type of RNN architecture designed to ad-
dress the vanishing gradient problem.

LSTMs achieve this by incorporating a memory cell
capable of maintaining its state over long periods. Three
gates regulate this memory cell: the input gate, which
controls the flow of new information into the cell; the
forget gate, which determines what portion of the past
information to discard; and the output gate, which con-
trols how much of the cell’s state is used to compute the
output. These gates are crucial in ensuring that the net-
work can learn to retain information for long durations
and decide what to forget and retain, thereby making
LSTMs highly effective for tasks involving long-range
temporal dependencies, such as language modeling and
time-series prediction.

In contrast, gated recurrent units (GRUs), introduced
by Cho et al. (2014), offer a simplified alternative to
LSTMs by combining the input and forget gates into
a single update gate and merging the cell state and hid-
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den state. This streamlined design reduces the compu-
tational complexity and number of parameters, making
GRUs more efficient to train while still effectively cap-
turing dependencies in sequential data. The GRU ar-
chitecture’s update and reset gates work together to de-
termine how much of the previous information to retain
and how much of the new input to integrate. Although
GRUs and LSTMs perform similarly on various tasks,
GRUs are often preferred for their simplicity and faster
training times.

In our study, we evaluate both LSTM and GRU mod-
els.

MS-TCN. The Multi-Stage Temporal Convolutional
Network (MS-TCN), introduced by Farha and Gall
(2019), is an advanced architecture for temporal action
segmentation that leverages the power of dilated tem-
poral convolutions across multiple stages to effectively
capture and classify actions in long, untrimmed video
sequences. Each stage within the MS-TCN comprises
a series of dilated temporal convolutional layers specifi-
cally designed to handle video frames’ temporal depen-
dencies and sequential nature. These layers use dila-
tion to expand the receptive field without increasing the
number of parameters, allowing the network to encom-
pass long-range temporal dependencies efficiently. At
each stage, the network generates an initial prediction
for action segments, which is subsequently refined by
the next stage. This iterative refinement process helps
progressively improve the accuracy of the action seg-
mentation, ensuring that the final output is a highly re-
fined representation of the action segments within the
video. The MS-TCN can iteratively enhance its predic-
tions by stacking multiple stages, effectively capturing
complex temporal patterns and nuances within the video
data.

Transformer. The Transformer model, introduced by
Vaswani et al. (2017), transforms sequence transduction
tasks by using a fully attention-based mechanism, elim-
inating the need for recurrent structures. The core of its
architecture is the multi-head self-attention mechanism,
which computes attention scores across all positions in
an input sequence by projecting inputs into query, key,
and value vectors and then calculating the weighted sum
of values based on scaled dot-product attention. This
allows the model to focus on different parts of the se-
quence simultaneously. Both the encoder and decoder
consist of stacks of identical layers; encoder layers in-
clude multi-head self-attention followed by position-
wise feed-forward networks, while decoder layers add
another multi-head attention mechanism to attend to
the encoder’s output. Residual connections and layer
normalization around each sub-layer help maintain sta-
ble training. To incorporate sequential information, the
Transformer adds positional encodings to the input em-
beddings, using sine and cosine functions of varying fre-
quencies. This design not only enhances parallelization

but also achieves state-of-the-art performance on vari-
ous tasks, such as machine translation, demonstrating
its effectiveness and computational efficiency.

In our work, we leverage only the encoder part of
the Transformer, implementing a similar architecture to
the Vision Transformer (ViT) introduced by Dosovit-
skiy et al. (2020). Our model uses sequential features
extracted from video frames as our input, fed directly
to the Transformer encoder without positional encod-
ing. Like the ViT, we include a classification token at
the start of the sequence that interacts with the self-
attention mechanism, enabling the model to aggregate
information from the entire sequence for final classifi-
cation. Using the encoder structure, we benefit from its
powerful attention-based mechanism to capture depen-
dencies across the video frames.

3.5. Experiments

Phase recognition. We evaluate spatial-only models on
the phase recognition task. We use models pre-trained
on the ImageNet (Deng et al., 2009) and one (ResNet-
50) on the Cholec80 dataset using the MoCo v2 SSL
method (Ramesh et al., 2023). For the latter, we evalu-
ate linear probing and fine-tuning protocols.

LCOD prediction with spatial models. We evalu-
ate spatial-only models on the LCOD prediction task.
We use models pre-trained on the ImageNet and one
(ResNet-50) on the Cholec80 dataset using the MoCo
v2 SSL method. For the former, we evaluate linear
probing and fine-tuning protocols.

LCOD prediction with spatiotemporal models. We
evaluate spatiotemporal models on the LCOD predic-
tion task. As a preliminary step, we extract compact fea-
tures of all the video frames using the best-performing
models in the phase recognition task. For this set of ex-
periments, we use the optimal parameters determined in
our ablation studies (Section 4.4).

3.6. Evaluation

The performance of all models is measured by av-
erage precision (AP), mean AP (mAP), and F; score
metrics averaged per class.

Precision measures the proportion of true positive
(TP) predictions from the total predicted positives. It
is calculated as the ratio of true positives to the sum of
true positives and false positives (FP), as seen in Equa-
tion 1.

TP
Precision = —— (D)
TP + FP

Recall, also known as sensitivity, measures the pro-
portion of true positive predictions out of the actual pos-
itives. It is calculated as the ratio of true positives to the
sum of true positives and false negatives (FN), as seen
in Equation 2.
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TP
Recall = —— 2
TP + FN
The F; score, given by Equation 3, is the harmonic
mean of precision and recall, providing a single score

that balances both precision and recall.

o2 Precision - Recall 3)

! (Precision) + Recall

The AP is a metric used to summarize the precision-
recall curve, which shows the tradeoff between preci-
sion and recall for different thresholds. It calculates the
weighted mean of precisions achieved at each threshold,
using the increase in recall from the previous threshold
as the weight. It is given by Equation 4, where P,, and
R, are the precision and recall at the nth threshold.

AP = Z(Rn -R,_)P, )

mAP, given by Equation 5, is a performance metric
widely used in various machine learning tasks, particu-
larly in object detection and multi-label classification. It
calculates the average precision for each class and then
computes the mean of those average precisions.

1 n
AP = — AP; 5
m ”ZI (5)

mAP captures the model’s performance across dif-
ferent thresholds, offering a detailed understanding of
its behavior in terms of precision and recall. This may
be particularly important in clinical settings, where the
costs of false positives and false negatives can vary
significantly. Unlike metrics that depend on a fixed
threshold, mAP considers performance across all pos-
sible thresholds. This robustness is crucial in medical
applications, where the optimal threshold might vary
depending on the clinical scenario.

As such, mAP is selected as the main metric for this
work due to its ability to effectively handle class imbal-
ance, evaluate multi-label classifications, provide fine-
grained performance insights, and offer robustness to
threshold selection.

3.7. Implementation details

All the code is implemented in Python using Py-
Torch and MMEngine to handle the training, valida-
tion, and testing pipeline. We use the implementation of
ResNet and Swin models provided by the MMDetetec-
tion framework and the implementation of EfficientNet
by the MMPretrain framework. We use the implemen-
tation of GRU and LSTM models provided by PyTorch.
The MS-TCN implementation is adapted from Czem-
piel et al. (2020). The Transformer encoder architecture
used in this work is implemented from scratch.

All the experiments were performed on Nvidia V100
and RTX6000 GPUs provided by the University of
Strasbourg.

3.7.1. Data preprocessing
For all the spatial experiments, a single data prepro-
cessing pipeline is used for training, comprising of:

1. Resizing to 384x384 for CNN-based models and
224x224 for Swin-S model.

2. Random horizontal and vertical flip.

3. Random brightness, contrast, and hue modifica-
tion by a factor chosen uniformly from the range
[0.7,1.3].

4. Random hue modification by a factor chosen uni-
formly from the range [-0.1,0.1].

Only the resizing operation is applied for validation
and testing. The same is true for extracting the features
used in the spatiotemporal models.

3.7.2. Hyperparameters

Spatial-only models: phase recognition task. For
phase recognition, we configured ResNet-18, ResNet-
50, EffNetV2-XL, and Swin-S models with the AdamW
optimizer (Loshchilov and Hutter, 2017). The base
learning rate was set to 1073 for ResNet-18, ResNet-50,
and Swin-S, while a higher learning rate of 10™* was
used for EffNetV2-XL. The weight decay for all mod-
els was maintained at 107°. We utilized a batch size
of 32 for ResNet-18, ResNet-50, and Swin-S, whereas
EffNetV2-XL was trained with a batch size of 128.
The learning rate schedule followed the one-cycle pol-
icy (Smith and Topin, 2017). The maximum number of
epochs was set to 50, with early stopping based on the
F| metric and a patience of 10 epochs.

Spatial-only models: LCOD prediction task. For
LCOD prediction, the same set of spatial-only mod-
els was configured similarly with the AdamW opti-
mizer. The base learning rates remained the same as
for the phase recognition task, with 10~ for ResNet-
18, ResNet-50, and Swin-S, and 10~* for EffNetV2-
XL. The weight decay was 107 across all models. A
batch size of 32 was used for ResNet-18, ResNet-50,
and Swin-S, and 128 for EffNetV2-XL. The one-cycle
learning rate schedule was applied with a reduced max-
imum epoch count of 30. Early stopping was guided by
the mAP metric with a patience of 6 epochs.

Spatiotemporal models. All models used the AdamW
optimizer. The GRU and LSTM models were trained
with a base learning rate of 1074, whereas the MS-TCN
and Transformer models utilized a slightly lower learn-
ing rate of 7 x 10™>. Consistent with the spatial-only
models, the weight decay was set at 107°. The one-
cycle learning rate schedule was implemented, and the
maximum number of epochs was 50 for all spatiotem-
poral models. The early stopping mechanism was based
on the mAP metric, with a patience of 10 epochs.



Deep Spatiotemporal Models for the Assessment of Operative Difficulty in Laparoscopic Cholecystectomy Videos 10

Loss function: phase recognition task. For the train-
ing, we use weighted cross-entropy loss for the phase
recognition task, which is given by the following for-
mula:

N C

Lwcg = _% ; ; We Yne log(ync) (6)
where N is the number of samples, C is the number of
classes, y,. is the true label for the c-th class of the n-th
sample (one-hot encoded), ¥, is the predicted probabil-
ity for the c-th class of the n-th sample and w, is the
weight for the c-th class. We compute the class weights
based on the inverse frequency of each class in the train-
ing subset. Let N be the total number of training sam-
ples, and n, be the number of samples belonging to class
c. The weight w,. for class c is calculated as:

N
We = — @)

ne
Loss function: LCOD prediction task. For the train-
ing of the LCOD prediction task, we use the weighted
binary cross-entropy with logits loss, which is given by:

N C
LwacE = _% ; ;(pt Yne * log(o-(j\}nc))

+ (1= yne) - log(1 = 0 (Guc)))
®)

where N is the number of samples, C is the number of
labels (classes), y,. is the true label for the c-th class of
the n-th sample (either O or 1), y,. is the raw predicted
logit for the c-th class of the n-th sample, o(¥,.) is the
sigmoid function applied to the raw logit y,., p. is the
positive class weight for the c-th class, used to handle
class imbalance. The positive class weight p, is calcu-
lated as the ratio of the number of points in the negative
class to the number of points in the positive class in the
training subset. Let 7, denote the number of negative
samples and 7,5 denote the number of positive samples.
The weight p, is computed as:
_ Mg

De = )

Npos

4. Results

4.1. Phase recognition

We compare the spatial models’ performance on the
phase recognition task. In Table 3, we show that Swin-S
is the best spatial model, with an F; score of 0.7075 and
mAP of 0.7719.

We also show that the ResNet-50 model’s perfor-
mance increases when using fine-tuned SSL pre-trained
weights compared with the one using fine-tuned Ima-
geNet weights.

Table 3: Phase recognition results. LP: linear probing, FT: fine-
tunning.

Pretraining Model Fy mAP
Random 0.1400 0.1667
ResNet-18 0.6575 0.7179
ResNet-50 0.6806 0.7509
TmageNet EffNetV2-XL 0.6798 07464
Swin-S 0.7075  0.7719
Cholec80 ResNet-50 (LP) 0.5598 0.6007
MoCo v2 SSL  ResNet-50 (FT) 0.7004  0.7695

4.2. LCOD prediction in phase 1: Trocar Placement
and Preparation

Table 4: Results for phase 1, for the spacial-only models (a) and the
spatiotemporal models (b), showing their performance measured by
F| and mAP metrics. LP: linear probing, FT: fine-tunning.

Pretraining Model F mAP
0.4160 0.4434

Random

a) Spatial-only models

ResNet-18 0.5071 0.5831
ResNet-50 0.4855 0.5662
ImageNet EffNetV2-XL 0.5421  0.6335
Swin-S 0.4613  0.6061
Cholec80 ResNet-50 (LP) 0.5641 0.6153
MoCo v2 SSL. ResNet-50 (FT) 0.4968 0.5730

b) Spatiotemporal models

ResNet-50 features
GRU 0.3042  0.5479
I N LSTM 0.3504 0.5561
mageNet MS-TCN 0.3048  0.5935
Transformer 0.2716  0.5929
GRU 0.3853  0.5473
Cholec80 LSTM 0.2899  0.5600
MoCo v2 SSL  MS-TCN 0.1922  0.6221
Transformer 0.5342 0.6364
EffNetV2-XL features
GRU 0.4085 0.5945
I LSTM 0.5259  0.6305
mageNet MS-TCN 02634  0.5093
Transformer 0.5698 0.6780
Swin-S features

GRU 0.5043 0.5867
LSTM 0.4524  0.5851
ImageNet MS-TCN 02690  0.6351
Transformer 0.3186 0.5853

We compare the spatial-only and spatiotemporal
models’ performance on the LCOD prediction task for
the Trocar Placement and Preparation phase, present in
Table 4.

Spatial-only prediction. The EffNetV2-XL model
shows remarkable performance, being the best of all
ImageNet pre-trained models when looking at both met-
rics. The ResNet-50 pre-trained on the Cholec80 dataset
also shows increased results. Unlike the phase recog-
nition results, the linear probing experiment performs
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better in this one.

Spatiotemporal prediction. The Transformer model
using visual features extracted with EffNetV2-XL per-
forms the best. This particular model configuration
also outperforms the best spatial-only model, with a
5.11% and 7.02% increase in the F; score and mAP,
respectively. We also observe a correlation between the
best spatial-only models’ results and the quality of their
visual features for temporal modeling, leading to im-
proved spatiotemporal results.

4.2.1. Feature-wise analysis in phase 1

Excessive visceral fat

Fat-laden falciform ligament

Adhesions limiting access to the
abdominal cavity

Adhesions

Feature

A

Liver hypertrophy preventing
gallbladder retraction

Floppy, non adherent gallbladder

Hyperemia/inflammation of the
gallbladder

Distended gallbladder

o

02 04 06 08 1
AP

m EffNetV2-XL = EffNetV2-XL-Transformer

Figure 3: Feature-wise results of phase 1. The performance is evalu-
ated using average precision (AP).

We compare the feature-wise results for the top-
performing spatial-only and spatiotemporal models for
the features in surgical phase 1. The results are in Fig-
ure 3, showing each feature’s AP performance.

The results show that, of all eight features, the spatial
model performs better when predicting the presence of
fat-laden falciform ligaments, floppy, non-adherent gall-
bladder, and adhesions, the last of which have a predic-
tive score many times higher than that of the best spa-
tiotemporal model. In contrast, excessive visceral fat,
adhesions limiting access to the abdominal cavity, liver
hypertrophy preventing gallbladder retraction, inflam-
mation of the gallbladder, and distended gallbladder are
predicted better by the spatiotemporal model.

Overall, the spatiotemporal models show improved
results in most features. Notably, a much better pre-
diction of adhesions limiting access to the abdominal
cavity and liver hypertrophy preventing gallbladder re-
traction is observed.

4.3. LCOD prediction in phase 2: Hepatocystic Trian-
gle Dissection

Table 5: Results for phase 2, for the spacial-only models (a) and the
spatiotemporal models (b), showing their performance measured by
F| and mAP metrics. LP: linear probing, FT: fine-tunning.

Pretraining Model F mAP
0.4393  0.4556

Random

a) Spatial-only models

ResNet-18 0.5168 0.6622
ResNet-50 0.4713  0.6472
ImageNet EffNetV2-XL 06310 07011
Swin-S 0.6015 0.7089
Cholec80 ResNet-50 (LP) 0.6394 0.7555
MoCo v2 SSL. ResNet-50 (FT) 0.5289 0.6877

b) Spatiotemporal models

ResNet-50 features
GRU 0.5798  0.7685
I N LSTM 0.4192  0.7301
mageNet MS-TCN 0.6187  0.7463
Transformer 0.5571  0.7457
GRU 0.6141 0.7687
Cholec80 LSTM 0.6526 0.7721
MoCo v2 SSL  MS-TCN 0.5899  0.7507
Transformer 0.5768 0.7169
EffNetV2-XL features
GRU 0.6324 0.7078
I LSTM 0.5996 0.7484
mageNet MS-TCN 0.6015  0.7282
Transformer 0.6093 0.6844
Swin-S features

GRU 0.5786 0.7556
I N LSTM 0.5799 0.7630
mageNet MS-TCN 0.5708  0.7325
Transformer 0.4884 0.7041

We compare the spatial and temporal models’ perfor-
mance on the LCOD prediction task for the Hepatocys-
tic Triangle Dissection phase, present in Table 5.

Spatial-only prediction. The best performant model in
this phase is the ResNet-50 pre-trained on Cholec80 us-
ing a linear probing protocol. It outperforms the second-
best model in terms of mAP (Swin-S), with a 6.57% in-
crease. Compared to the ResNet-50 model pre-trained
on ImageNet, we see a significant improvement in both
metrics for the Chole80 MoCo v2 SSL pre-trained mod-
els. The increase is, in particular, higher for the linear
probing experiment, with an increase of 35.67% in the
F| score and 16.73% in the mAP.

Spatiotemporal prediction. We observe a similar situ-
ation as in the phase 1 results, with the best spatiotem-
poral model using the visual features extracted using
the model with the best spatial performance. In this
case, the temporal refinement using the LSTM-based
model using visual features extracted by the Cholec80
pre-trained ResNet-50 model performs best, with an in-
crease of 2.06% and 2.20% in the F; score and mAP,
respectively.
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4.3.1. Feature-wise analysis in phase 2

Hepatocystic triangle visible
Clear, thin cystic plate
Fat-laden cystic plate

Dilated cystic plate

Cystic duct seen with retraction _

Feature

Critical view of safety: two
structures

Critical view of safety:
hepatocystic triangle

Critical view of safety: cystic
plate

m ResNet-50-Cholec80 (LP) = ResNet50-Cholec80-LSTM

Figure 4: Feature-wise results of phase 2. The performance is evalu-
ated using average precision (AP).

We compare the feature-wise results for the top-
performing spatial-only and spatiotemporal models for
the features in the Hepatocystic Triangle Dissection
phase. The Figure 4 shows each feature’s AP perfor-
mance.

The results show similar overall performance when
comparing the spatial-only and spatiotemporal models.
Of all eight LCOD features, the spatiotemporal model
performs better in six features, while the spatial-only
model predicts the remaining two features better.

The spatial-only model is better at predicting the
presence of fat-laden cystic plate and cystic duct seen
with retraction. In contrast, the spatiotemporal model
predicts better the visibility of the hepatocystic triangle,
clear, thin cystic plate, dilated cystic plate, and features
related to the critical view of safety.

4.4. Ablation studies

We ablate the parameters of the spatiotemporal mod-
els to find their optimal configuration. All experiments
use visual features extracted by the Swin-S model pre-
trained on ImageNet.

RNN-based models. We study the impact when us-
ing different numbers of layers, hidden size dimensions,
and bi-directionality. The Table 6a shows that the GRU
model performs best in a bi-directional configuration,
with 2 layers and a hidden size of 600. Likewise, as the
Table 6b shows, the same configuration is the best for
the LSTM model.

MS-TCN. We study the impact when using different
numbers of layers, stages, and hidden size dimensions.
The Table 6¢ shows that the best configuration for the
MS-TCN model is 1 stage, 8 layers, and a hidden size
of 32.

Transformer. We study the impact when using different
numbers of heads, layers, and hidden size dimensions.
The Table 6d shows that the best configuration for the
Transformer model has 4 heads, 2 layers, and a hidden
size of 4096.

5. Discussions

This study presents and evaluates many spatial-only
and spatiotemporal models using laparoscopic chole-
cystectomy videos to predict intraoperative features re-
lated to operative difficulty.

Our findings indicate that incorporating temporal in-
formation improves the models’ LCOD prediction com-
pared to using spatial information alone. In phase 1,
Trocar Placement and Preparation, the best-performing
spatial model is the EfficientNetV2-XL. However, the
Transformer-based spatiotemporal model using visual
features from EfficientNetV2-XL outperformed those
results, demonstrating the added value of temporal con-
text for the prediction. The same is true for phase 2,
Hepatocystic Triangle Dissection, where the best over-
all model is the LSTM-based spatiotemporal model us-
ing visual features from the Cholec80 SSL pre-trained
ResNet-50 model, which is also the best spatial-only
model.

Both spatial-only and spatiotemporal models show
substantial improvement when using visual features ex-
tracted from the model pre-trained on the Cholec80
dataset using the MoCo v2 SSL method. This suggests
that domain-specific SSL pre-training enhances feature
extraction quality, improving the temporal refinement of
the features and the model’s overall performance.

The feature-wise analysis revealed that spatiotempo-
ral models excel in predicting dynamic features that
evolve over the surgical phases, such as adhesions limit-
ing access to the abdominal cavity and liver hypertrophy
preventing gallbladder retraction, underscoring the im-
portance of temporal dynamics in surgical video analy-
sis. On the other hand, spatial-only models proved to be
particularly effective for predicting visually distinct fea-
tures consistently present across many frames with min-
imal temporal variation. This was the case for the fat-
laden falciform ligament and adhesions features, which
performed better with the spatial-only models.

The improved prediction accuracy of LCOD has sev-
eral practical implications. Accurate and early predic-
tion of operative difficulty can help in intraoperative
decision-making, leading to better patient outcomes.

A major limitation of this study is that the dataset
only contains sparse annotations, meaning that the ex-
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Table 6: Ablation experiments for the spatiotemporal models.

Hidden o mAP Hidden o mAP
X ayers Bi-directional . Layers Bi-directional
s1ze Phase | Phase2 Average size Phase | Phase2 Average
300 2 True 0.5741  0.7079  0.6410 300 2 True 0.5461  0.7446  0.6454
600 2 True 0.5867 0.7556  0.6712 600 2 True 0.5851 0.7630  0.6741
1200 2 True 0.5440 0.7168  0.6304 1200 2 True 0.5351  0.7483  0.6417
600 1 True 0.5517  0.7431 0.6474 600 1 True 0.5593  0.7443  0.6518
600 4 True 0.5504  0.7525 0.6515 600 4 True 0.5147  0.6680  0.5914
600 2 False 0.5477  0.7523  0.6500 600 2 False 0.6106  0.7131 0.6619
(a) GRU (b) LSTM
i mAP i mAP
quden Layers  Stages chiiden Layers Heads
s1ze Phase 1 Phase2 Average s1z€ Phase 1 Phase 2 Average
16 8 1 0.6009  0.7272  0.6641 2048 6 8 0.5519 0.7039  0.6279
32 8 1 0.6351  0.7325  0.6838 3072 6 8 0.5855 0.6406  0.6131
64 8 1 0.6000 0.7478  0.6739 4096 6 8 0.5680  0.7106  0.6393
30 4 1 0.6105 0.7488  0.6797 5120 6 8 0.6261  0.6449  0.6355
32 16 1 0.5946  0.7464  0.6705 4096 1 4 0.5901 0.7021  0.6461
32 3 3 05585 07241  0.6413 4096 2 4 0.6201  0.7265  0.6733
32 3 2 05372 07308  0.6340 4096 3 4 0.6086  0.6948  0.6517
4096 6 2 0.5416 0.7156  0.6286
(© MS-TCN 4096 6 4 06170 06771  0.6471
4096 6 16 0.6005 0.6820  0.6413

act locations of the features within the frames are
not known. Given that a surgical phase can contain
thousands of frames, this lack of precise annotations
presents a significant challenge. Consequently, this may
limit the models’ generalizability and effectiveness. Fu-
ture work should explore methods to address this lim-
itation, such as attention-based approaches to identify
frames or image features contributing to the prediction.

A possible extension of these models can be deployed
to provide real-time predictive feedback during surgery,
which could further enhance their practical utility in
clinical settings. Real-time prediction during surgery
can provide valuable feedback to surgeons, potentially
reducing the risk of complications.

6. Conclusions

We explore multiple spatial-only and spatiotemporal
models for the assessment of operative difficulty in LC
videos.

We demonstrate the potential of deep spatiotempo-
ral models for predicting LCOD. These models achieve
higher prediction accuracy by leveraging both spatial
and temporal features, offering a promising tool for en-
hancing surgical planning and intraoperative decision-
making.

We also demonstrate that transfer learning of SSL
pre-trained models in domain-specific datasets, such as

(d) Transformer

Cholec80, is a viable option for enhancing the predic-
tion results.
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