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 A B S T R A C T

The field of computer vision applied to videos of minimally invasive surgery is ever-growing. Workflow 
recognition pertains to the automated recognition of various aspects of a surgery, including: which surgical 
steps are performed; and which surgical instruments are used. This information can later be used to assist 
clinicians when learning the surgery or during live surgery. The Pituitary Vision (PitVis) 2023 Challenge 
tasks the community to step and instrument recognition in videos of endoscopic pituitary surgery. This is 
a particularly challenging task when compared to other minimally invasive surgeries due to: the smaller 
working space, which limits and distorts vision; and higher frequency of instrument and step switching, which 
requires more precise model predictions. Participants were provided with 25-videos, with results presented at 
the MICCAI-2023 conference as part of the Endoscopic Vision 2023 Challenge in Vancouver, Canada, on 08-
Oct-2023. There were 18-submissions from 9-teams across 6-countries, using a variety of deep learning models. 
The top performing model for step recognition utilised a transformer based architecture, uniquely using an 
autoregressive decoder with a positional encoding input. The top performing model for instrument recognition 
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utilised a spatial encoder followed by a temporal encoder, which uniquely used a 2-layer temporal architecture. 
In both cases, these models outperformed purely spatial based models, illustrating the importance of sequential 
and temporal information. This PitVis-2023 therefore demonstrates state-of-the-art computer vision models in 
minimally invasive surgery are transferable to a new dataset. Benchmark results are provided in the paper, 
and the dataset is publicly available at: https://doi.org/10.5522/04/26531686.
1. Introduction

The Endoscopic Vision (EndoVis) challenge2 has existed since 2015, 
hosted by the Medical Image Computing and Computer Assisted In-
terventions (MICCAI) Society (Maier-Hein et al., 2022). Included are 
a wide range of challenges related to computer vision in minimally 
invasive surgeries: from polyp detection in colonoscopy videos in 2015 
to action recognition on radical prostatectomy videos in 2022 (Maier-
Hein et al., 2022). To the minimally invasive surgical computer vision 
community, the benefits of an EndoVis challenge are two-fold. Firstly, 
it pushes the boundaries of existing models (Maier-Hein et al., 2022). 
Secondly, it provides a curated public dataset (Maier-Hein et al., 2022). 
Building on this, the Pituitary Vision (PitVis) 2023 challenge was 
created as sub-challenge of EndoVis-2023 (Speidel et al., 2023). The 
PitVis-2023 challenge pertains to step and instrument recognition in 
the endoscopic transsphenoidal approach (eTSA) for pituitary adenoma 
resection.

The pituitary gland is found at the base of the brain (Ganapathy 
and Tadi, 2022). Tumours of the anterior pituitary gland, pituitary 
adenomas, have an estimated prevalence of 1 in 1000 of the gen-
eral population (Russ et al., 2022; Agustsson et al., 2015). Symptoms 
typically include visual impairment (Russ et al., 2022; Ogra et al., 
2014) and hormone imbalances (Ganapathy and Tadi, 2022; Russ et al., 
2022). Left untreated, these symptomatic adenomas can cause blind-
ness (Russ et al., 2022; Ogra et al., 2014) or, in cases such as Cushing’s 
disease, be life limiting (Russ et al., 2022; Tritos and Biller, 2019). The 
gold standard treatment for most patients with a symptomatic pituitary 
adenoma is surgery, commonly via the eTSA (Ganapathy and Tadi, 
2022; Wang et al., 2014).

The eTSA, also called endoscopic pituitary surgery, is a minimally 
invasive surgery where the tumour is removed by entering through 
a nostril, as displayed in Fig.  1(a) (Wang et al., 2014; Marcus et al., 
2021). The endoscope allows the surgeon to see inside the patient, with 
the camera feed projected onto a monitor, and is used in conjunction 
with surgical instruments, as displayed in Fig.  1(b) (Wang et al., 2014; 
Marcus et al., 2021). The eTSA is performed heterogeneously (Consor-
tium, 2023), and so there is variability in outcomes (Wang et al., 2014). 
Furthermore, it is a difficult procedure to master, requiring dedicated 
sub-speciality training (Frara et al., 2020).

Surgical workflow analysis breaks down a surgical procedure into 
its constituent components (Lalys and Jannin, 2013). At the highest 
level the surgery is broken down into multiple surgical phases, with 
each phase corresponding to a major surgical event (Lalys and Jannin, 
2013). In turn, each phase is composed of multiple more granular steps 
(Lalys and Jannin, 2013). Here, each step achieves a certain surgical 
objective via the use of surgical instruments (Marcus et al., 2021). By 
splitting a surgical procedure in this way, surgeons can isolate where 
in a surgery technical errors can occur and how these errors can lead 
to adverse events (Marcus et al., 2021).

A major limiting factor in reaping the rewards of surgical workflow 
analysis is the time and labour costs of requiring expert surgeons to 
analyse each procedure, putting undue burden on an already over-
worked healthcare system (Wang et al., 2022). For minimally invasive 
surgeries such as the eTSA this comes down to surgeons manually 

2 https://opencas.dkfz.de/endovis/.
2 
annotating each surgical video (Marcus et al., 2021). Therefore, au-
tomated surgical workflow analysis, commonly referred to as surgical 
workflow recognition, can alleviate this cost, allowing for scalable 
analysis (Garrow et al., 2020).

The first clinical benefit of workflow recognition is the coaching 
of junior surgeons via interactive videos and automated performance 
metrics, which has shown to improve surgical performance (Khan et al., 
2024b,c). A second benefit is found after a surgery, by automating the 
reporting of steps performed and instruments used (Das et al., 2023a; 
He et al., 2024). This can reduce the time spent on the writing of 
operation notes and hence improve surgical throughput (Khan et al., 
2023; Das et al., 2023a). A third clinical benefit is during live surgery 
by automatically informing the wider operating room team (e.g. anaes-
thetists and theatre nurses) when a new step is to begin or when a new 
instrument is required (Das et al., 2024; Khan et al., 2024a). This has 
the potential to improve operating room efficiency (Khan et al., 2023; 
Garrow et al., 2020).

Motivated by these clinical benefits, the PitVis-2023 challenge was 
created. The challenge consisted of three tasks: (1) step recognition; 
(2) instrument recognition; and (3) step and instrument recognition. 
Participants were provided with 25-training-videos (public), along with 
per-second annotations of the current step and present instrument. 
Submitted models were evaluated on 8-testing-videos (private). For the 
public 25-training-videos, a 20-training to 5-validation split was sug-
gested, and benchmark results are provided against these 5-validation-
videos as a comparison for models created in the future. Monetary 
prizes totalling £3000 were awarded to the top two performing models 
for each of the 3-tasks, based on their performance on the 8-training-
videos. Evaluation of performance included both spatial (F1-score) and 
temporal (Edit-score) metrics.

18-submission were received from 9-teams across 6-countries. Mod-
els ranged from purely spatial encoding with just a Convolution Neural 
Network (CNN), to spatio-temporal methods which additionally utilised 
a Long Short Term Memory Network (LSTM). Transformers were also 
used and found to be effective in both step and instrument recognition. 
A commonality between the best performing models across all 3-tasks 
was the use of spatio-temporal representation learning. In CNN +
LSTM based models this is through the use of hierarchical temporal 
modelling, such as with the use of 2-layered LSTMs. In transformer 
based models this is through the use of frame ordering, such as with 
the use of positional encoding.

The main contributions of the PitVis-2023 challenge are:

1. A thorough analysis of the state-of-the-art surgical workflow 
recognition models applied to endoscopic pituitary surgery: 
more granular than previous step recognition work and the first 
for instrument recognition in this surgery.

2. Providing benchmark results of surgical workflow recognition in 
endoscopic pituitary surgery: highlighting the challenges on a 
unique surgery not previously explored by the community.

3. The first curated public dataset of endoscopic pituitary surgery: 
25-videos with each second annotated with its respective step 
and instrument.

4. A well-attended computer vision challenge associated with en-
doscopic pituitary surgery: with 18-submissions from 9-teams 
across 6-countries.

https://doi.org/10.5522/04/26531686
https://opencas.dkfz.de/endovis/
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Fig. 1. Visual representations of endoscopic pituitary surgery. Notice the entry of the endoscope and instruments through the nostril, and the use of a light source and monitor 
to visualise the endoscopic video feed.
The PitVis-2023 challenge followed the BIAS guidelines for trans-
parent reporting of biomedical challenges (Speidel et al., 2023; Maier-
Hein et al., 2020).3 This paper also followed these guidelines, the 
details of which can be found in the supplementary material.

2. Related works

2.1. Difficulties

In minimally invasive surgery, workflow recognition is a difficult 
computer vision task for several reasons, including: (i) A variety in 
surgical practice across different hospitals throughout the globe, re-
sulting in a lack of consensus of which steps are to be performed and 
instruments to be used (Garrow et al., 2020; Rueckert et al., 2024). 
(ii) A limited supply of well-curated large annotated public datasets, 
resulting in models focusing on some surgeries (e.g. laparoscopic chole-
cystectomy) and so their generalisability has not been well studied 
(Wang et al., 2022; Demir et al., 2023). (iii) Poor metric selection, often 
not representative of the underlying clinical motivation (Wang et al., 
2022; Maier-Hein et al., 2024).

Additionally, there are several eTSA specific difficulties, including: 
(iv) Multiple steps and instruments with a high frequency of switching 
in an undetermined order, more so than in other surgeries (Marcus 
et al., 2021; Garrow et al., 2020; Das et al., 2022). This increases clas-
sification difficulty as the model predictions need to be more precise. 
(v) The small working space, leading to a thinner endoscope, and hence 
lense distortion (Das et al., 2022). This means features at the centre of 
the image appear smaller than features towards the edge of an image. 
This leads to instrument shafts, which are generally uninformative of 
the instrument class, to take up a large section of the image; whereas 
instrument tips, which are more informative of the instrument class, 
take up a small section of the image (Fig.  4). (vi) Occlusions due to 
bodily fluids, necessitating the need for the frequent withdrawal of 
the endoscope outside of the patient’s body for cleaning, resulting in 
temporally inconsistent images (Das et al., 2023a, 2022). (vii) Many 
of the steps and instruments look similar. For example, instrument-9 
(micro doppler probe) and instrument-18 (tissue glue applicator) look 
identical from a static image, and can only be distinguished by the 
action performed and the wider surgical context (Fig.  4).

2.2. Step recognition

Historically, a variety of machine learning models were used for 
step recognition across minimally invasive surgeries, but since 2016, 

3 https://zenodo.org/records/8315050.
3 
deep learning models have dominated (Garrow et al., 2020; Demir 
et al., 2023). Typically, step recognition models consist of a 3-stage 
architecture: stage-1, a per-frame spatial encoder; followed by stage-2, 
where the per-frame spatial features are consecutively combined and 
sent to a temporal encoder; and finally stage-3, where the predicted 
spatial–temporal classifications are turned into a sequence and undergo 
processing (Garrow et al., 2020; Demir et al., 2023). For stage-1, 
CNNs are frequently used, although more recently Spatial Transformers 
(S-TFs) transformers or Spatio-Temporal Transformers (ST-TFs) have 
been found to be effective (Demir et al., 2023). For stage-2, Temporal 
Convolution Neural Networks (TCNs); Temporal Transformers (T-TFs); 
and Recurrent Neural Networks (RNNs) often used, particularly LSTMs 
and Gated Recurrent Units (GRUs) (Garrow et al., 2020; Demir et al., 
2023). For stage-3, Hidden Markov Models (HMMs) were typically used 
(Garrow et al., 2020; Demir et al., 2023; Twinanda et al., 2017), but 
other methods, such as Temporal Smoothing Functions (TSFs), are also 
common (Das et al., 2022).

Step recognition has previously been achieved in eTSA. In this initial 
work, a 3-stage architecture was used: a CNN + LSTM + TSF (Das 
et al., 2022). In stage-1, the CNN ResNet50 was used as a spatial 
encoder, as it was shown to be the best spatial feature extractor through 
ablation studies (Das et al., 2022). In stage-2, the spatial features of 
10-consecutive-frames were fed into an LSTM for temporal encoding 
(Das et al., 2022). Finally, in stage-3, a threshold smoothing function 
was used (Das et al., 2022). The smoothing function ensured the step 
predictions were consistent for a certain period of time before switching 
to another step, to reduce the number of the frequent yet short periods 
of incorrect predictions (Das et al., 2022). The model was trained on 40-
videos and validated on 10-videos, achieving a 0.74 weighted-F1-score 
in 7-step frame-level classification (5-fold-cross-validation) (Das et al., 
2022).

2.3. Instrument recognition

The majority of computer vision models created for minimally 
invasive surgeries regarding instruments is to accomplish instrument 
segmentation, rather than instrument recognition (Wang et al., 2022; 
Rueckert et al., 2024). Instrument segmentation is an extension of 
instrument recognition, where the type of instrument needs to not 
only be classified (instrument recognition) but the boundaries of the 
instrument also needs to be predicted. Due to this more difficult task, 
more sophisticated models, utilising an encoder–decoder architecture 
are used. However, similar to step recognition models, the most com-
mon encoders are CNNs for spatial feature extraction and RNNs for 
temporal feature extraction (Wang et al., 2022; Rueckert et al., 2024). 
No work has been published for instrument recognition for the eTSA.

https://zenodo.org/records/8315050
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Fig. 2. A timeline of the challenge including dates of registration and dataset release. All dates are in 2023.
2.4. Multi-task recognition

Multi-task step and instrument recognition models connect single-
task models at various stages in the neural network architecture
(Twinanda et al., 2017; Psychogyios et al., 2024; Alabi et al., 2024). In 
doing so, they outperform single-task models in both tasks by sharing 
information (Das et al., 2023b; Mao et al., 2024). For example, in 
(Jin et al., 2020), a joint spatial–temporal (CNN + RNN) backbone 
is used for feature extraction in combination with a correlation loss 
function, so information gained from one task is shared with the other. 
However, multi-task models are not commonly used due to a lack of 
data (Wang et al., 2022; Alabi et al., 2024). No work has been published 
for multi-task step and instrument recognition for the eTSA.

3. Challenge description

The aim of the PitVis-2023 challenge was to develop Machine 
Learning (ML) models capable of step and instrument recognition in 
the eTSA. In doing so, these models provide surgical context that can 
be used as an assistive tool for clinicians.

3.1. Tasks

The challenge consisted of 3-tasks:

1. Surgical step recognition.
2. Surgical instrument recognition.
3. Multi-task steps and instrument recognition.

Representative images of the 12-steps and 19-instruments are dis-
played in Figs.  3 and 4 respectively. These steps and instruments are 
defined in (Marcus et al., 2021), and confirmed by two neurosurgical 
trainees (DZK and JGH) and one consultant neurosurgeon (HJM), based 
on the training dataset. For task-1; exactly one step is present at a 
given time, hence this is a multi-class problem. For task-2; zero, one, or 
two instruments may be present at a given time, hence this is a multi-
label problem. Task-3 is a combination of task-1 and task-2, hence a 
multi-task problem.

3.2. Organisation

The PitVis-2023 challenge was a one-time event as part of EndoVis-
2023 (Speidel et al., 2023), with all results presented publicly at the 
MICCAI-2023 conference in Vancouver, Canada. A timeline of the 
challenge organisation is displayed in Fig.  2. Organisation, communi-
cation, data sharing, and submissions were all done via the Synapse 
challenge website,4 and no private communication with the organisers 
was permitted.

The organisation committee consisted of a collaboration between 
computer scientists and neurosurgeons from the UCL Hawkes Institute 
at University College London (UCL), London, United Kingdom (UK) and 
the Department of Neurosurgery at the National Hospital for Neurology 
and Neurosurgery (NHNN), London, UK respectively.

4 www.synapse.org/#!Synapse:syn51232283/wiki/621581.
4 
Advertisement was predominately done via social media.5
52-participants registered to download the data, with 9-teams across 
6-countries successfully submitting 18-submissions. Prizes totalling 
£1000 per task were available to the top-2 teams of each task. Teams 
from the UCL Hawkes Institute were allowed to submit models, but 
illegible to win prizes.

25-annotated-videos were provided. A 20-training to 5-validation 
(01, 12, 21, 24, 25) split was suggested but not enforced. This split was 
based on step and instrument distributions (Section 4.2), such that the 
number of annotations for a class remained at an approximate 4:1 ratio, 
as is common in workflow recognition (Rueckert et al., 2024; Demir 
et al., 2023). The 8-testing-videos were not provided to the participants. 
The training and testing videos are similar to those of the intended use 
cases.

3.3. Model requirements

Only fully-automatic methods were permitted: the model must have 
taken an image input and output the predicted classification(s) as 
appropriate for the given task. For task-3, a multi-task model is de-
fined as a single model that takes an image input and outputs both 
a predicted step classification and a predicted instrument classifica-
tion congruently. Additionally, only online models were permitted: 
only information from frames up to and including the current frame 
can be used to classify the current frame. The inclusion of future 
frames’ information or manual intervention to classify the current 
frame would generally improve model performance. However, these 
rules were implemented to mimic the real-time intra-operative use case.

Using instrument annotations for step recognition training, or using 
step annotations for instrument recognition training was permissible. 
Training on publicly available data was also permissible. Ideally, train-
ing would have been limited to just the dataset and annotations avail-
able for a specific task (i.e. step annotations only for step recognition 
training). This would have most likely resulted in weaker performing 
models, but provide better understanding of the methods. However, it 
would be impossible to monitor what data was used for training, and 
so these described measures were taken for practicality purposes.

Models were submitted as docker containers via Synapse on the 
challenge website, after detailed submission instructions were given. 
This included an example docker submission with the associated eval-
uation scripts, downloadable from GitHub.6 The status of whether a 
submission was successfully submitted could also be found on the 
challenge website, but not the final evaluation scores. Participants were 
not required to publish their code, but were required to give detailed 
descriptions and diagrams of their model.

Finalised dockers were run on a single core of an NVIDIA-Tesla-
V100-Tensor-Core-32-GB-GPU, and had to run in a reasonable time 
(less than 1 min of runtime for every 10 min of video). This runtime 
was implemented for practical purposes to allow for a quick evaluation, 
but also to mimic real-time performance such that recognition would 
occur at a reasonable frame rate (i.e. classification occurs on every 
other frame in the video).

5 www.x.com/AdritoDas/status/1660677465956548609.
6 www.github.com/dreets/pitvis/.

http://www.synapse.org/#!Synapse:syn51232283/wiki/621581
http://www.x.com/AdritoDas/status/1660677465956548609
http://www.github.com/dreets/pitvis/
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Fig. 3. Representative images of each of the 14-steps. Note step-11 and step-13 were not evaluated due to having insufficient volume to train on (Fig.  6), and ‘out of patient’ is 
not considered a class.

Fig. 4. Representative images of each of the 18-instruments, excluding the ‘no instrument’ class.
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If any models were found to not satisfy these requirements they 
would have been disqualified. Fortunately, all models did satisfy the 
described requirements, resulting in 18 successful submissions.

3.4. Evaluation metrics

3.4.1. Spatial metric
Macro-F1-score (Eq.  (1)) was the chosen spatial metric. This is 

because F1-score (Eq.  (2)) ensures a high per-frame accuracy while also 
safeguarding against small precision or recall. Taking a macro-mean 
across classes ensures each class is treated equally so major classes do 
not dominate. 

Macro⟨F1⟩ =
1
𝑁

𝑁
∑

𝑖=1
(F1)𝑖 , (1)

F1 =
2TP

2TP + FP + FN , (2)

where ∑ is the summation operator; 𝑁 = total number of classes; TP =
true positive; FP = false positive; FN = false negative. Note macro⟨F1⟩
is used instead of macro-F1-score in the above equations to prevent 
confusion with the subtraction (−) symbol.

3.4.2. Temporal metric
Edit-score (Eq.  (3)) was chosen as the temporal metric (Lea et al., 

2016). It is the reciprocal of the Levenshtein distance (Eq.  (4)), which 
measures the number of edits (insertions, deletions, substitutions) re-
quired to change one temporal series into the other, and by doing so, 
penalises temporally inconsistent predictions (Lea et al., 2016). A series 
is defined as classifications without repeats. For example, classifications 
[0, 0, 0, 1, 1, 0, 1, 1] are compressed to a [0, 1, 0, 1] series. 

Edit = 1
Lev , (3)

Lev(𝑠, 𝑡) =

⎧
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|𝑠| if |𝑡| = 0,
|𝑡| if |𝑠| = 0,
Lev

(
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)

if head(𝑠)
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1 + min
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⎪

⎨

⎪

⎩

Lev
(

tail(𝑠), 𝑡
)

Lev
(

𝑠, tail(𝑡)
)

Lev
(

tail(𝑠), tail(𝑡)
)

otherwise.

, (4)

where Lev is the Levenshtein distance; 𝑠, 𝑡 are the ground-truth and 
predicted series of steps respectively; head(𝑠) is the first value of a given 
series 𝑠; and tail(𝑠) is all but the first value of a given series 𝑠. Note Edit 
is used instead of Edit-score in the above equations to prevent confusion 
with the subtraction (−) symbol.

3.4.3. Task specific metrics
The mean of Macro-F1-score and Edit-score was chosen as the 

step recognition metric (Eq.  (5)). This is so models are optimised for 
both frame-level accuracy and temporal consistency. Previous work has 
shown using purely spatial metrics leads to a high F1-score but frequent 
inaccurate changes of steps for short periods of time (Das et al., 2022). 

Step_metric =
Macro⟨F1⟩ + Edit

2
(5)

where Macro⟨F1⟩ is defined in Eq.  (2) with 𝑁 = 12 for the 12 step 
classes, and Edit is defined in Eq.  (3).

Macro-F1-score was the chosen metric for instrument recognition 
with no Edit-score (Eq.  (6)). This was because the usage of instruments 
is much more volatile and heavily dominated by the instrument-0 (no 
instrument) and instrument-16 (suction) class (Fig.  8). For example, a 
typical snippet of a ground-truth sequence is [0, 11, 0, 0, 11, 16, 16, 11, 16], 
where an instrument such as instrument-11 (pituitary ronguers) will be 
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briefly used between the dominating instrument-0 and instrument-16 
classes. This means an incorrect prediction will be strongly penalised by 
temporal metrics. Moreover, as instrument recognition is a multi-label 
problem, a single sequence does not encapsulate all of the data, and so 
more sophisticated temporal metrics beyond Edit-score are required. 
After the results of this challenge, and the models are analysed, an 
appropriate temporal metric will be used for future work in an attempt 
to improve temporal consistency. 

Instrument_metric = Macro⟨F1⟩ (6)

where Macro⟨F1⟩ is defined in Eq.  (2) with 𝑁 = 19 for the 19 instrument 
classes.

The mean-average of the respective step and instrument recognition 
metric was chosen as the multi-task metric (Eq.  (7)). This was done to 
treat both step and instrument recognition equally. 

Multitask_metric = Step_metric + Instrument_metric
2

(7)

where Step_metric and Instrument_metric are defined in Eqs.  (5) and 
(6) respectively.

4. Dataset

The challenge dataset is the first publicly available annotated
dataset of the eTSA. This section describes the dataset acquisition and 
analyses its properties.

4.1. Data acquisition

4.1.1. Videos
The NHNN (Queens Square, London, UK) provided all videos used 

in the PitVis challenge. This hospital is an academic tertiary neurosur-
gical centre, performing 150–200 pituitary operations each year (Khan 
et al., 2022). Videos of the eTSA were excluded if: the operation was 
a revision surgery within 6-months of the primary surgery; if large 
sections of the surgery were missing; or if the surgery was significantly 
different from a usual surgery. This curation was performed by two 
trainee neurosurgeons (DZK and JGH) and verified by a consultant 
neurosurgeon (HJM). The dataset size was determined by what was 
feasible to annotate in the challenge timeline.

The 25-training-videos were recorded between 02-Jul-2021 and 
28-Dec-2022, and have written consent for public research use. The 
8-testing-videos were recorded between 06-Dec-2018 to 07-Jan-2021, 
and have consent for research use within the organisers’ institute (UCL). 
The study was registered with the UCL Institutional Review Board (IRB) 
(17819/011).

The surgeries were recorded using a high-definition endoscope 
(Hopkins Telescope with AIDA storage system, Karl Storz Endoscopy,7 
UK). The original videos have a variable Frames Per Second (FPS), 
with resolutions varying from 720p–2160p. These videos were up-
loaded from the hospital servers to the commercially available Touch 
SurgeryTM Ecosystem,8 an AI-powered surgical video management and 
analytics platform provided by Medtronic. Here, the videos were de-
identified by blurring all images outside of the patient. The videos were 
then converted to a constant 24-FPS with 720p resolution using the 
publicly available Handbrake,9 and stored as .mp4 files.

Additionally, a script to sample the videos at 1 FPS, and store them 
as .png images was provided on the GitHub. This sampling script was 
used by the organisers on the 8-testing-videos, and the .png images 
were fed into the submitted models for evaluation.
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Table 1
An example of the .csv annotations given to participants. ‘int_video’ represents which 
video number the annotations are referring to. ‘int_time’ represents the frame number 
that row’s annotations is representing. The numbers in the ‘int_step’, ‘int_instrument1’, 
and ‘int_instrument2’ columns represent the respective step and instrument class, 
as defined in Figs.  3 and 4. A ‘−1’ in the ‘int_step’ and ‘int_instrument1’ column 
is indicative of ‘out_of_frame’, and removed for evaluation purposes. A ‘−2’ in the 
‘int_instrument2’ column is indicative of ‘no annotation’, and present as to not have 
an empty value. Note ‘...’ indicates a break in the annotations for demonstration
purposes.
 int_video int_time int_step int_instrument1 int_instrument2 
 25 0 −1 −1 −2  
 25 1 −1 −1 −2  
 . . . . . . . . . . . . . . .  
 25 2011 5 8 16  
 25 2012 5 16 −2  
 25 2013 5 16 −2  
 25 2014 5 0 −2  

Fig. 5. Length distribution of the 25-training and 8-testing videos without the ‘out of 
patient’ class displayed as a box-whisker diagram. The middle horizontal line displays 
the median and the ‘X’ the mean. The left and right whiskers display the first (Q1) 
and fourth (Q4) quartile range respectively. The left and right boxes display the second 
(Q2) and third (Q3) quartile range respectively.

4.1.2. Annotations
For steps, each video was annotated by two trainee neurosurgeons 

(DZK and JGH) with any discrepancies solved via discussion and mu-
tual agreement. For instruments, a third-party company Anolytics10 was 
used. These annotations were not performed by clinical specialists, but 
verified by one neurosurgical trainee (DZK) and one research scientist 
(AD). All annotations were then verified by a consultant neurosurgeon 
(HJM) before being released.

Annotations were released as .csv files along with their associated 
videos, an example of which is displayed in Table  1. The map of the 
step or instrument to the corresponding integer was also provided.

As with all annotations, there can be errors, and in this challenge 
the most likely source is human error in misidentifying a step or 
instrument. These were reduced by the aforementioned multiple rounds 
of annotating and verification, and if any were found after release, they 
were immediately corrected and participants were informed.

4.2. Data analysis

4.2.1. Videos
The distribution of video lengths across all videos is displayed in 

Fig.  5. The mean and median of the 25-training-videos was 72.8 + 7.2 
and 69.2 + 6.4 min respectively, where +𝑡 indicates time, 𝑡, outside of 
the patient. This was slightly longer than the mean and median of the 8-
testing-videos, which were 60.9 + 5.6 and 65.7 + 5.3 min respectively. 
The ‘out of patient’ frames, indicated by the ‘-1’ class in annotation files 
were excluded during evaluation.

4.2.2. Steps
Step-11 (gasket seal construct) and step-13 (nasal packing) were 

only present in 2 and 1 training-videos respectively, and so were 

7 www.karlstorz.com/.
8 www.touchsurgery.com/.
9 www.handbrake.fr/.
10 www.anolytics.ai/.
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Fig. 6. Length distribution of steps across the 25-training and 8-testing videos displayed 
as a box-whisker diagram. The middle horizontal line displays the median and the ‘X’ 
the mean. The left and right whiskers display the first (Q1) and fourth (Q4) quartile 
range respectively. The left and right boxes display the second (Q2) and third (Q3) 
quartile range respectively. The ‘∙’ display each individual step length in the dataset.

removed due to having insufficient volume to train on (Fig.  6), and any 
such frames were excluded during evaluation. A hypothetical step-0 (no 
step) class does not exist as every part of a video belongs to a step.

Steps 1–8 are present in all 25-training-videos, with the remaining 
steps found in at least 18-training-videos. As displayed in Fig.  6, the 
length of steps are similar across the training and testing videos, but 
the step lengths themselves are varied. For example, step-7 (tumour 
excision) is the longest and step-14 (debris debulking) is the shortest 
with a with mean lengths of 19.2 and 0.7 min respectively. Moreover, 
as displayed in Fig.  7, the transition probabilities from one step to 
the next are not consistent. For example, step-8 (haemostasis) is often 
transitioned to and from out of sequence due to its short but frequent 
occurrences during surgery. This lack of consistency highlights the 
difficulty of step recognition in this dataset and the eTSA in general.

4.2.3. Instruments
A ‘-1’ annotation indicates the ‘out of patient’ class and ‘-2’ indicates 

a ‘no secondary instrument’ as to not have an empty entry in this 
column, and these frames were excluded during evaluation.

The majority of instruments are found in 20 or more training-
videos. Exceptions to this are instrument-1 (bipolar forceps), found 
in 12-videos; and instrument-17 (surgical drill), found in 6-videos. As 
displayed in Fig.  8, the length distribution for instruments is dom-
inated by instrument-0 (no instrument) and instrument-16 (suction) 
with mean lengths of 25.2 and 28.7 min respectively. The remaining 
instrument lengths are more clustered, although there is still some 
variance. There are also quite drastic differences between the train-
ing and testing dataset. For example, instrument-3 (cup forceps) and 
instrument-7 (irrigation syringe) have a relatively high usage in the 
training-videos, but very low usage in the testing-videos. This is likely 
due to time difference between when the training and testing surgeries 
were performed: leading to different availability of instruments, and 
variance in surgical technique. Similar to the steps, this highlights the 
difficulty of instrument recognition for the eTSA.

5. Methods

Table  2 displays a summary of the 9-teams from 6-countries, and 
the corresponding 18-submissions: 7 for Task-1; 6 for Task-2; and 5 
for Task-3. All models use either a Spatial Encoder (S-E) (CNN; S-TF) 
or Spatio-Temporal Encoder (ST-E) (ST-TF), with the majority using a 
temporal encoder (LSTM; TCN; T-TF), and a few perform online post-
processing (TSF). There are some which use multiple neural networks 
and combine them via an Ensemble. Detailed architectural diagrams of 
all models are displayed in Fig.  9.

Tables  3 and 4 display a summary of the training parameters and 
image augmentations. Although there are a few commonalities between 

http://www.karlstorz.com/
http://www.touchsurgery.com/
http://www.handbrake.fr/
http://www.anolytics.ai/
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Fig. 7. Transition probabilities across the 25-training-videos. Each value represents the probability of going from one step to another (e.g. step-4 goes to step-5 with 54% 
probability). The ‘out of patient’ class was removed for these calculations. The greyed out 0 values are true zero and not rounded. The darker the blue colour the larger the 
transition probability, up to 100%.
Fig. 8. Length distribution of instruments across the 25-training and 8-testing videos displayed as a box-whisker diagram. The time axis is presented as seconds in the left diagram 
and minutes in the right diagram — this is for improved visibility, as otherwise the minor class instrument length distributions would not be visible. The middle horizontal line 
displays the median and the ‘X’ the mean. The left and right whiskers display the first (Q1) and fourth (Q4) quartile range respectively. The left and right boxes display the second 
(Q2) and third (Q3) quartile range respectively. The ‘∙’ display each individual instrument length in the dataset.
the methods (Cross-Entropy Loss Function (CE) loss function; resizing 
input images), there are vast differences. The majority do not imple-
ment strong image augmentations; or any data balancing, whereas a 
majority do use the suggested validation split; pre-train on ImageNet; 
or use Adaptive Moment Estimation (Adam) for backpropagation. The 
remaining parameters are even: some use Rectified Linear Unit (ReLU); 
some remove the black borders of an image; and some use the task 
evaluation metric.

The remainder of this section provides an overview of each model 
(in alphabetical order by team name):

5.1. CAIR-POLYU-HK

CAIR-POLYU-HK consisted of You Pang; Zhen Chen; Xiaobo Qiu; 
and Zhen Sun, from the Hong Kong Institute of Science and Innovation, 
China. This team submitted only to task-1.
8 
Their model consisted of 2-stages: CNN + TCN. The CNN was 
CSPDarknet53 (Bochkovskiy et al., 2020). The TCN was a 2-layered 
10-window TeCNO (Czempiel et al., 2020).

Interestingly, CAIR-POLYU-HK had the largest batch size of 200, 
utilising an 80-GB NVIDIA-A100.

5.2. CITI

CITI consisted of Xiaoyang Zou; and Guoyan Zheng, from Shanghai 
Jiao Tong University, China. This team submitted to all 3-tasks: task-1 
and task-3 used the same model architecture, and task-2 a simplified 
version.

Task-2’s model consisted of 1-stage: a ST-E. This ST-E comprised 
of a ST-TF (Swin (Liu et al., 2021)) followed by a 2-layer Multi-Head 
Self-Attention (MHSA) (Zou et al., 2024). The ST-E took a 20-window 
sequential video frame input, outputting both step (just for training) 
and instrument (task-2&3) classifications.



A. Das et al.

Fig. 9. Detailed model architectures for the 9-models. Each model architecture is given as a series of model modules, with the legend on the right identifying the colour used to 
represent each module, and the arrows’ direction illustrating the flow of features extracted from the data (generally left to right). The various grey background for models (b) and 
(i) are there to visually indicate the different transformer components (e.g. the spatio-temporal encoder component). Simplified model architectures are displayed in Table  2.

Medical Image Analysis 106 (2025) 103716 

9 



A. Das et al. Medical Image Analysis 106 (2025) 103716 
Table 2
Team details (9-teams) and simplified model architectures for the successful 18-submissions. For the model columns, each row represents a different training component, and if a 
horizontal line is removed at a later stage it means the model features have been combined (e.g. in an Ensemble). () are given to indicate the type of model used for that stage. 
{} are given to indicate the window size of a temporal neural network (e.g. {24} represents 24-images have been turned into a sequence as an input). ⟨⟩ are given to indicate 
the task (step or instrument) for multi-task recognition if the same architecture is not used for both tasks. Citations: ARST (Zou et al., 2022); CSPDarknet53 (Bochkovskiy et al., 
2020); ConvNeXtTiny (Liu et al., 2022); DenseNet201 (Huang et al., 2016), DINO (Zhang et al., 2022); EfficientNetB7 (Tan and Le, 2019); EVA-02 (Fang et al., 2024); MViT (Fan 
et al., 2021); ResNet152, ResNet50 (He et al., 2016); Swin, SwinL (Liu et al., 2021); TeCNO (Czempiel et al., 2020), TinyViT (Wu et al., 2022), Threshold Smoothing (Das et al., 
2022), XCiT (El-Nouby et al., 2021). Detailed model architectures are displayed in Fig.  9.

 

Task-1 and task-3’s model consisted of 2-stages: ST-E + an autore-
gressive decoder. The ST-E is identical to the one described above. The 
autoregressive decoder was ARST (Zou et al., 2022). ARST took an 80-
window input comprising of frame-wise visual features extracted by 
ST-E and shifted step outputs, outputting step classifications. It com-
prised of an initial Masked Multi-Head Attention (MMHA), followed by 
a mutual MMHA taking the Value and Key output of the ST-E after it has 
passed through a MMHA and the Query output from the initial MMHA 
(also passed to the normalisation layer). Positional encoding is added to 
embed the frame position for each step (as defined in Wu et al., 2022).

Table  3 CITI task-2&3 and task-1&3 represent the ST-E and ARST 
training parameters respectively.

5.3. DOLPHINS

DOLPHINS consisted of Abdul Qayyum; Moona Mazher; Imran Raz-
zak; and Steven Niederer, from Imperial College London, United King-
dom. This team submitted only to task-1.

Their model consisted of 2-stages: a S-TF and CNN fused via pair-
wise ensemble. The S-TF was XCiT (El-Nouby et al., 2021). The CNN 
was DenseNet201 (Huang et al., 2016).

5.4. GMAI

GMAI consisted of Tianbin Li; Jin Ye; Junjun He; Yanzhou Su; 
Pengcheng Chen; and Junlong Cheng, from the Shanghai Artificial 
Intelligence Lab, China. This team submitted to all 3-tasks with the 
same model architecture.
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Their model consisted of 2-stages: two S-TFs fused via weighted 
ensemble. The first S-TF is TinyViT (Wu et al., 2022), which utilities fast 
knowledge distillation. The second S-TF is EVA-02 (Fang et al., 2024), 
which utilities masked image modelling.

5.5. SANO

SANO consisted of Szymon Płotka; and Joanna Kaleta, from the 
Sano Center for Computational Medicine, Poland. This team submitted 
to all 3-tasks: task-1 and task-3 used the same model architecture, and 
task-2 adds to this.

For tasks-1 and task-3 their model consisted of 1-stage: a CNN. This 
CNN was ResNet50 (He et al., 2016), and used for both step (task-1 and 
task-3) and instrument (task-3) classification.

For task-2 their model consisted of 2-stages: CNN + LSTM. The CNN 
was the trained ResNet50 described above, with frozen weights. The 
LSTM had a 5-widow size, and used for both instrument (task-2) and 
step (just for training) classification. The details in Table  3 SANO task-2 
represent the LSTM training parameters.

5.6. SDS-HD

SDS-HD consisted of Amine Yamlahi; Antoine Jund; Finn-Henri 
Smidt; Patrick Godau; and Lena Maier-Hein, from the German Cancer 
Research Center, Germany. This team only submitted to task-2.

Their model consisted of 3-stages: 3×{S-Es + LSTMs} fused together 
via balanced ensemble. The 3 S-Es are the CNN ResNet152 (He et al., 
2016), the CNN EfficientNetB7 (Tan and Le, 2019), and the S-TF SwinL 
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Table 3
Training parameters and augmentations utilised by the models excluding UNI-ANDES-23. ‘∕’ implies implementation details for steps or instruments (e.g. CE/BCE means CE used 
for steps and BCE used for instruments). ‘|’ implies implementation details from stage-1 to stage-2 (e.g. GeLU|Sigmoid means GeLU used for stage-1 and Sigmoid used for stage-2). 
Abbreviations: Adam (Adaptive Moment Estimation), AdamW (Adam with weight decay), BCE (Binary Cross-Entropy Loss Function), CE (Cross-Entropy Loss Function), ETE (End 
To End Temporal Training), GeLU (Gaussian error Linear Unit), HSV (Hue Saturation Value), mAP (mean Average Precision), RBG (Red Blue Green), ReLU (Rectified Linear Unit), 
SGD (Stochastic Gradient Descent), TS (Temporal Smoothing Loss Function), Sep (Separate Temporal Training), Val (Validation Dataset).

 

(Liu et al., 2021). The 3 LSTMs are identical: 2-layers with 0.2-dropout 
(15-window, 15-window, 12-window). The balance ensemble has 6 
prediction inputs: the 3 S-Es and the 3 LSTMs.

SDS-HD used a variety of alternative training techniques when 
compared to the other participants. Firstly, they balanced the data: 
5-instrument classes (07; 10; 11; 12; 15) were upsampled and the 
remaining classes were downsampled. Secondly, they introduced both 
horizontal and vertical reflections, along with colour augmentations: 
colour jitter by modifying hue; saturation; and brightness, in addition 
to Contrast Limited Adaptive Histogram Equalization (CLAHE) augmen-
tation. Thirdly, they utilised mean Average Precision (mAP) as an al-
ternative evaluation metric along with the task specific macro-F1-score. 
Finally, Adam backpropagation was enhanced via cosine annealing 
with a learning rate of 2E−4, with a minimum of 2E−5 and a 1E−6 
decay rate.

5.7. SK

SK consisted of Satoshi Kondo; Satoshi Kasai; and Kousuke Hi-
rasawa, from Muroran Institute of Technology, Niigata University of 
Health and Welfare, and Konica Minolta, Inc., Japan, respectively. 
This team submitted to task-2 and task-3, each with different model 
architectures.

For task-2, their model consisted of 1-stage: the CNN ConvNeXtTiny 
(Liu et al., 2022) for instrument classification. For task-3, their model 
consisted of 2-stages: CNN + LSTM. The trained CNN from task-2 was 
frozen for instrument classification and a 128-window LSTM was added 
for step classification. The details in Table  3 SK task-3 represent the 
LSTM training parameters.
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5.8. TSO-NCT

TSO-NCT consisted of Dominik Rivoir; and Stefanie Speidel, from 
the National Center for Tumor Diseases, Germany. This team only 
submitted to task-1.

Their model consisted of 3-stages: CNN + LSTM + TSF. The CNN was 
ConvNeXtTiny (Liu et al., 2022). The LSTM had a 512-window size. The 
TSF was Threshold Smoothing (Das et al., 2022) with a 7-window size.

Inspired by Sufficient Statistics Model (SSM) (Ban et al., 2021), to 
propagate temporal features, for each frame, the softmax class scores of: 
the previous frame; the mean of the previous 10-frames, the mean and 
maximum of all previous frames, were fed into the LSTM in addition 
to the CNN spatial features. Per video, all temporal features (softmax 
scores and LSTM hidden state) are propagated across the unshuffled 
batches.

Threshold smoothing ensures a class transition only takes place after 
it has been predicted for a sufficient number of frames (in this case 7), 
otherwise it is left unchanged. In doing so, prediction consistency is 
improved in aims to increase Edit-score. Any steps not considered for 
evaluation (i.e. steps -1; 11; 13) were replaced with the most recent 
permitted step.

5.9. UNI-ANDES-23

UNI-ANDES-23 consisted of Alejandra Pérez; Santiago Rodriguez; 
Pablo Arbeláez; Nicolás Ayobi; and Nicolás Aparicio from Universidad 
de los Andes, Colombia. This team submitted to all 3-tasks: task-1 
had its own model architecture; and task-2 and task-3 had a modified 
version of this architecture.



A. Das et al. Medical Image Analysis 106 (2025) 103716 
For all 3-tasks, their model consisted of 3-stages: a ST-E; a Spatio-
Temporal Decoder (ST-D); and Harmonic Smoothing or Threshold Prob-
ability for step or instrument classification respectively.

In stage-1 for all 3-tasks, the ST-E is composed of two concatenated 
transformers. The first is the ST-TF MViT (Fan et al., 2021) with a 24-
window size (6-s × 4-FPS), concatenating the class token; mean pooled 
features; and max pooled features. The second is the S-TF DINO (Zhang 
et al., 2022) acting on the final frame using SwinL (Liu et al., 2021), 
concatenating global max pooled features; and localised instrument 
features via anchor boxes.

For task-1, the ST-D (StepFormer) consists of an 8-window 4-layer 
8-head attention transformer. For task-2, the ST-D (FusionFormer) con-
sists of an identical transformer (InsFormer) combined with StepFormer 
(frozen weights) via a 2-layer 8-head attention transformer. For task-3, 
both StepFormer and InsFormer have frozen weights.

Harmonic Smoothing is an online post-processing TSF defined as fol-
lows: given the class probability vector of the current (𝐲t) and previous 
frame (𝐲t-1), if max{𝐲t} < max{𝐲t-1}, then 𝐲̂t = 2

(

𝐲−1t + 𝐲−1t-1
)−1

 where 
𝐲̂t is the updated class probability vector. This function is repeated 
for 750-iterations for improved temporal consistency, before the usual 
argmax function is applied for a final classification. Any steps not 
considered for evaluation were removed at this stage.

Threshold Probability is an online post-processing function defined 
as follows: if the second highest value in the class probability vector is 
less than 0.4, then only predict the first highest value’s corresponding 
class; if at least two of the highest values in this vector are greater 
than or equal to 0.4 and this includes the value corresponding to the 
background class, then predict the two highest values’ classes excluding 
the background class; in all other cases predict the two highest values’ 
corresponding classes.

6. Results & discussion

6.1. Ranking method

Each video is considered one case of equal value, hence the rankings 
are determined by the tasks’ evaluation metric mean-averaged across 
the 8-testing-videos (no missing results).

A Kruskal–Wallis test is run on the top-3 methods of each task 
(across the 8-testing-videos) to test the significance of the perfor-
mances, with 𝑝 < 0.05 implying significance.

6.2. Task-1

Results for the 7-submissions to 12-steps multi-class online recogni-
tion are displayed in Table  5, with £700 and £300 awarded to 1st and 
2nd places respectively.

There is a strong performance, with the best models achieving 63% 
(CITI) and 54% (TSO-NCT) on the task metric. Macro-F1-score is high, 
with the top 3-models achieving >50%, although there is a slow decline 
with the bottom 2-models achieving <7%. There is large variance in 
Edit-score, with the top 3-models achieving >46%, and the remaining 
<2%.

Although the best models use different architectures, a commonality 
between them is the use of propagating temporal features. For CITI and 
UNI-ANDES-23 via positional encoding, and for TSO-NCT via feeding 
classification vectors of previous frames back into the LSTM hidden 
state. It is clear models with temporal encoders and TSFs outperform 
those that are purely spatial, both in frame-level classification and 
significantly in temporal consistency.

For the top models Standard Deviation (std) is ≈10%, as can be more 
clearly seen in Fig.  10(d). Although there is some variance between 
videos, the performance is generally similar. In videos 26; 29; 33 CITI 
significantly outperforms the other models, whereas TSO-NCT outper-
forms CITI in videos 28; 31; 32. A Kruskal–Wallis test for comparing 
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the step metric performance of CITI against TSO-NCT and UNI-ANDES-
23 gives 𝑝 = 0.0587 and 0.0233 respectively. For just macro-F1-score
𝑝 = 0.9097 and 0.0494, and for just Edit-score 𝑝 = 0.0356 and 0.00325. 
This shows CITI is statistically significantly better than UNI-ANDES-23 
in all aspects, but only temporally better than TSO-NCT. The differences 
between the several models’ performances across the testing videos 
highlights the difficulty of creating a generalised model.

Figs.  10(a) and 10(b) displays the step confusion matrix for CITI 
and TSO-NCT respectively. Steps are often predicted as a neighbouring 
step, which is expected (Fig.  7). Step-8 (haemostasis) is special as it 
is used sporadically for short periods during a surgery, and therefore 
other steps are often predicted as it. The biggest difference between the 
models is overpredicting the dominant class step-7 (tumour excision) in 
TSO-NCT. Across both models there is poor performance for steps 3; 6; 
9, suggesting these are inherently difficult steps to classify.

6.3. Task-2

Results for the 6-submissions to 19-instruments multi-label online 
recognition are displayed in Table  6, with £500 awarded to joint 1st 
(1st & 2nd).

There is a good performance, with the best models (SDS-HD and 
SANO) both achieving 42% on the task metric. The next top 2-models 
are not far behind, achieving >34% with the remaining bottom 2-
models also not far behind, achieving >27%.

The top two models use the well-known architecture of CNN +
LSTM (+ Ensemble for SDS-HD). They are able to outperform purely 
spatial models (SK and GMAI) as well as more sophisticated models that 
utilise temporal encoders; positional encoding; and multi-task training 
(CITI and UNI-ANDES-23).

There is varied std in the top models as displayed in Fig.  12. SDS-HD 
outperforms the other models in the majority of videos. However, it is 
outperformed significantly by SANO in video-31 and by CITI in video-
27. A Kruskal–Wallis test for comparing the macro-F1-score of SDS-HD 
against SANO and CITI gives 𝑝 = 0.8336 and 0.5286 respectively. 
This shows the differences in the performances of these models are 
not statistically significant, and with more testing videos the rankings 
could change. As with step recognition, differences between the models’ 
performance across the videos show the difficulty of a creating a 
generalised model.

Figs.  11(a) and 11(b) displays the instrument confusion matrix for 
SDS-HD and SANO respectively. Instruments are frequently misclassi-
fied as instrument-0 (no instrument) and instrument-16 (suction). This 
is to be expected as they are the dominant classes, suggesting one 
way to overcome these incorrect predictions is through data balancing. 
Across both models, instruments 4; 12; 13 are predicted poorly with 2; 
6; 10 also poorly predicted by SANO. This disparity is likely due to the 
number of instrument classes and the visual similarity between them, as 
well as insufficient training data. Interestingly, instruments 16 and 17, 
the only two secondary instruments in the testing dataset, are predicted 
well as secondary instruments.

6.4. Task-3

Results for the 5-submissions to 12-steps and 19-instruments multi-
task online recognition are displayed in Table  7, with £700 and £300 
awarded to 1st and 2nd places respectively.

The performance is good, with the best models achieving 49% (CITI) 
and 41% (UNI-ANDES-23) on the task metric. The next top 2-models 
drop performance with <30%, and the worst model only achieves 16%. 
The std is <10% across all models.

CITI’s model is identical to its previous task models, which already 
utilised multi-task learning: the strong step recognition (1st) compen-
sates for the poorer instrument recognition (3rd). On the other hand, 
UNI-ANDES-23’s model improves in both step (+0.4%) and instrument 
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Table 4
Training parameters and augmentations utilised by UNI-ANDES-23. Abbreviations: Adam (Adaptive Moment Estimation), AdamW (Adam with 
weight decay), BCE (Binary Cross-Entropy Loss Function), CE (Cross-Entropy Loss Function), GeLU (Gaussian error Linear Unit), Lion (Lightweight 
Interpolated Optimiser), ReLU (Rectified Linear Unit), SGD (Stochastic Gradient Descent), Val (Validation Dataset).

 

Table 5
12-steps multi-class online recognition (task-1) rankings. Metrics are calculated across 
the 8-testing-videos, and given as percentages to one decimal place (mean ± std).
 Team (Macro⟨F1⟩ + Edit)/2 Macro⟨F1⟩ Edit  
 1 CITI 62.9 ± 09.7 61.1 ± 10.6 64.7 ± 10.1 
 2 TSO-NCT 53.7 ± 11.2 58.2 ± 10.9 49.2 ± 13.0 
 3 UNI-ANDES-23 48.3 ± 07.3 50.1 ± 09.3 46.5 ± 08.2 
 4 SANO 20.5 ± 03.2 39.6 ± 06.5 01.4 ± 00.4 
 5 DOLPHINS 15.2 ± 04.0 28.9 ± 08.2 01.6 ± 00.7 
 6 GMAI 03.7 ± 00.2 06.8 ± 00.3 00.5 ± 00.1 
 7 CAIR-POLYU-HK 03.5 ± 00.8 05.8 ± 01.5 01.1 ± 00.3 

Table 6
19-instruments multi-label online recognition (task-2) rankings. Metrics are calcu-
lated across the 8-testing-videos, and given as percentages to one decimal place
(mean ± std).
 Team Macro⟨F1⟩  
 1 SDS-HD 41.7 ± 15.4 
 2 SANO 41.6 ± 06.3 
 3 CITI 35.1 ± 18.5 
 4 SK 34.0 ± 17.0 
 5 GMAI 27.8 ± 08.7 
 6 UNI-ANDES-23 27.5 ± 13.5 

(+4.9%) recognition due to the multi-task learning from the Fusion-
Transformer. SK’s instrument recognition model (4th) now incorporates 
step recognition via an LSTM achieving 25% on task-1’s metric, which 
13 
would have given them 4th place had they entered. SANO’s model has 
decreased performance in both step (−1.4%) and instrument (−4.5%) 
recognition, this is due to their task-3 model not utilising the LSTM 
trained for instrument recognition in task-2. GMAI’s model performs 
similarly poorly in both step (−0.2%) and instrument (−0.6%) recogni-
tion. It is likely a multi-task form of TSO-NCT’s model, which came 2nd 
in task-1, would have performed well, given its similarity to the best 
models for instrument recognition. However, it is unlikely a multi-task 
form of DOLPHIN’s and CAIR-POLYU-HK’s task-1 models would have 
performed well given their poor performance in task-1.

The comparison of UNI-ANDES-23 task-3 model for each testing 
video is found in Figs.  10(d) (steps) and 12 (instruments). For steps, 
is able to outperform TSO-NCT in videos 27; 30; 33, but is always 
outperformed by CITI. For instruments, it performs similarly to the 
other models, significantly outperforming CITI in video 26, although it 
is never the best performing model. A Kruskal–Wallis test for comparing 
the multi-task metric of CITI against UNI-ANDES-23 and SK gives 𝑝 =
0.8335 and 0.0087 respectively. This shows that although CITI is statis-
tically significantly better than SK, the same is not true for UNI-ANDES-
23. Breaking this down further, 𝑝 = 0.0742, 0.0063, 0.9164 for step-
macro-F1-score, step-Edit-score, and instrument-macro-F1-score respec-
tively. As there is only statistical significance in the temporal metric, it 
can be inferred that CITI’s main contribution is in temporal accuracy 
of step recognition.

This temporal accuracy can be more clearly seen in Fig.  13. This fig-
ure displays the step predictions of the top performing models against 
the ground-truth. From here the importance of temporal consistency is 
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Fig. 10. In-depth details of the top models in step recognition across the 8-testing-videos: (a–c) Confusion matrices, mean-averaged and rounded to 0 decimal places. Each cell 
(𝑖, 𝑗) represents the number of instances from true class 𝑖 that were predicted as class 𝑗. The diagonal entries indicate correct classifications, while off-diagonal entries show 
misclassifications. (d) Per-video performance on the step recognition metric (Eq.  (5)).
Table 7
12-steps and 19-instruments multi-task online recognition (task-3) rankings. Metrics are calculated across the 8-testing-videos, 
and given as percentages to one decimal place (mean ± std). The full definition of the multi-task metric is displayed in Eq. 
(7).
 Team (Step_metric + Step Step Instrument  
 Instrument_metric)/2 Macro⟨F1⟩ Edit Macro⟨F1⟩  
 1 CITI 49.0 ± 09.4 61.1 ± 10.6 64.7 ± 10.1 35.1 ± 18.5 
 2 UNI-ANDES-23 40.5 ± 07.7 51.0 ± 08.8 46.3 ± 10.4 32.4 ± 11.7 
 3 SK 29.6 ± 09.1 41.2 ± 05.9 09.1 ± 02.0 34.0 ± 17.1 
 4 SANO 28.3 ± 06.4 39.6 ± 06.5 01.4 ± 00.4 36.2 ± 14.8 
 5 GMAI 15.5 ± 03.6 07.2 ± 00.7 00.5 ± 00.1 27.2 ± 06.9 
more readily seen. For example, SANO’s task-3 model has no temporal 
encoder, meaning step predictions are much more volatile, often chang-
ing from one frame to the next. Continuing, UNI-ANDES-23 implements 
harmonic smoothing for smoother predictions and TSO-NCT takes this 
further with threshold smoothing for even smoother predictions: These 
TSFs were originally created for the purpose of reducing this prediction 
volatility. CITI has stronger predictions overall, able to distinguish 
between steps 9, 10, and 12 where the other models are unable to do 
so.

Figs.  11(c) and 11(d) displays the instrument confusion matrix 
for CITI (1st) and UNI-ANDES-23 (2nd) respectively. When this is 
compared with the previously displayed confusion matrices, almost 
identical inferences can be made. One major difference is CITI overpre-
dicts instrument-0 (no instrument) far less than other models, although 
it does overpredict instrument-0* (no secondary instrument) much 
more, reducing the precision of instrument-16 (suction). Similarly, Fig. 
10(c) displays the step confusion matrix for the UNI-ANDES-23. This 
is again similar to the previous matrices. Two minor differences are a 
poorer step-12 performance and a greater overprediction of step-14.
14 
6.5. Benchmarks

The 8-testing-videos were not released to the participants during 
the challenge. Instead, top results of the suggested validation split are 
provided in Table  8 to act as a benchmark for the community. The 
teams whose results are presented in this table all adhered to the 
suggested training–validation split, and so their models are optimised 
for this validation dataset.

The best performing models on the suggested validation dataset 
for each metric are identical to the testing dataset, implying these 
models have good generalisation. This is more strongly true for step 
recognition, where their performance drops lower (−7%) than instru-
ment recognition (−47%). This is likely due to overfitting to the small 
number of images of each minor instrument class.

7. Conclusion

7.1. Principal findings

The PitVis-2023 challenge pertains to developing deep learning 
models for workflow recognition for the eTSA, with 3-tasks: (1) 12-
step multi-class recognition; (2) 18-instrument multi-label recognition; 
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Fig. 11. Instrument confusion matrices for the top models mean-averaged across the 8-testing-videos and rounded to 0 decimal places. Each cell (𝑖, 𝑗) represents the number of 
instances from true class 𝑖 that were predicted as class 𝑗. The diagonal entries indicate correct classifications, while off-diagonal entries show misclassifications. 0* indicates ‘no 
secondary instrument’. Instrument-3 (cup forceps) is not present in the testing dataset and so greyed out.
Fig. 12. Instrument recognition results across the 8-testing-videos for the best perform-
ing models: SDS-HD (task-2 1st place), SANO (task-2 2nd place), CITI (task-3 1st place), 
UNI-ANDES-23 (task-3 2nd place) . Per-video performance is given on the instrument 
recognition metric (Eq.  (6)).

and (3) 12-step and 18-instrument multi-task recognition. It was run 
across 5-months as a sub-challenge of the EndoVis-2023 challenge, with 
results and awards presented at the MICCAI-2023 conference hosted 
in Vancouver, Canada on 08-Oct-2023. Participants were given access 
to the first curated public dataset of eTSA: comprising 25-videos, with 
annotations for each second indicating the corresponding surgical step 
and instrument used. Across the 3-tasks there were 18-submissions from 
9-teams across 6-countries.
15 
Table 8
Benchmark metric results for the suggested validation dataset, videos: 01, 12, 21, 
24, 25. Bold indicates the best result for that column’s task. Results are mean-
averaged across the 5-videos and given to 0 decimal places. All teams used the 
suggested validation dataset split, and so models are optimised for these 5-videos. The 
respective metrics for task-1, task-2, and task-3 are defined in Eqs. (5), (6), and (7)
respectively.
 Team Task-1 Task-2 Task-3 
 CITI 70 88 79  
 SANO 60 81 61  
 SDS-HD – 89 –  
 TSO-NCT 67 – –  
 UNI-ANDES-23 69 79 71  

The 9-models utilise a variety of state-of-the-art computer vision 
and workflow recognition techniques and architectures. Training tech-
niques include random augmentations; end-to-end training; multi-task 
training; and data balancing. Architectures are generally split into 2-
stages. Stage-1 consists of an encoder: either purely spatial via a CNN 
or S-TF; or spatial–temporal via a ST-TF. Stage-2 consists of a ST-D: 
either a LSTM or ST-TF. An optional third stage is often used to improve 
performance, consisting of an online post-processing technique, usually 
a TSF. Some models also utilise ensembles. Performance was found 
to be strong for both established architectures (e.g. CNN + LSTM +
TSF) as well as less established custom architectures utilising temporal 
propagation. A commonality between the best architectures was the use 
of a ST-D and TSF.
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Fig. 13. Timeline of the ground-truth step classifications against the model predictions for video-26 in the testing dataset. The models are: CITI (task-1 1st place & task-3 1st 
place), TSO-NCT (task-1 2nd place), UNI-ANDES-23 (task-3 2nd place), SANO (task-3 4th place). Note the step ‘-1’ annotations in the ground truth representing ‘out of frame’ were 
removed during evaluation.
7.2. Limitations

This challenge was limited primarily by the difficulty of data ac-
quisition: obtaining consent; recording videos; and annotating videos. 
Firstly, all surgical videos come from a single hospital, and therefore 
lack diversity in: patient characteristics; surgical technique; and record-
ing variations. Multi-centred data will improve model generalisability, 
although this is challenging due to patient confidentially; necessary 
ethics; and surgeon unease of sharing data. However, some of this 
can be circumvented via federated learning. Future work will address 
this issue through collaboration with other centres, within the UK and 
beyond. Moreover, releasing public datasets, as with this challenge, 
insensitivities other research groups to do the same.

Secondly, like with many medical datasets, the size of the dataset 
is small and restricted to just 25-training-videos and 8-testing-videos. 
This has meant minor classes either have much worse performance or 
are entirely removed. Although this is somewhat mitigated with data 
augmentation and utilising training techniques that compensate for im-
balanced datasets, more data will certainly help. Potential alternative 
solutions to this are the use of more sophisticated computer vision 
techniques. For example, in the past year, pre-trained surgery specific 
transformers have emerged as foundational models (Schmidgall et al., 
2024). Similarly, releasing and leveraging recorded videos without 
annotations via semi-supervised learning expands the training dataset 
without the labour costs of surgical annotations (Wijekoon et al., 2024; 
Ramesh et al., 2023).

Furthermore, although this challenge provides benchmark perfor-
mances for workflow recognition in eTSA, the models’ performances 
are not strong enough to be used in clinical practice. Steps are primarily 
misclassified as neighbouring steps, and so extra emphasis should be 
made to help clarify these boundaries. This may be achieved with 
upsampling these frames on step boundaries or loss functions that 
penalise neighbouring misclassifications. Although the challenge has 
ended, the website will remain, and the data is publicly available, along 
with the benchmark results. This means the community can improve on 
the models to better overcome the eTSA specific difficulties.

Other important factors to consider are: explainability of models, 
which is essential for a clinical setting; environmental impacts of model 
training, as some models were trained for long periods of time; and 
real-time implementation, which was enforced as models had to run at 
10× speed on the 32-GB GPU.

7.3. Concluding statement

The Pituitary Vision 2023 Challenge showcases the efforts of the 
international minimally invasive surgical computer vision community 
on endoscopic pituitary surgery. The models created not only verify 
their generalisability on a new dataset, but advance the field, pushing 
it closer to usable clinical assistance.
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