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A B S T R A C T

Manual Small-Incision Cataract Surgery (SICS) is a prevalent technique in low- and middle-income countries 
(LMICs). Automated analysis of SICS videos based on artificial intelligence (AI) would benefit self-evaluation, 
training, monitoring, and ultimately facilitate computer aided surgical assistance. However, this procedure re
mains understudied in terms of automated surgical analysis due to a lack of publicly available data. To advance 
this field, we organized the SICS-155 phase recognition challenge at MICCAI 2025. It was based on a dataset with 
155 videos recorded at Sankara Eye Hospital in Bengaluru, India with an average duration of 13:05 minutes, 
annotated with 19 distinct surgical phases.

In this work, we first present the results and findings of that challenge in accordance with the BIAS guidelines. 
Second, we integrated key technical innovations from the participating teams to develop a new, state-of-the-art 
approach for phase recognition in a post-operative, offline setting. This approach uses a boundary-aware FACT 
architecture, which we evaluated using videos of both SICS and phacoemulsification. Our approach achieved an 
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accuracy of 87.98% [95%-CI: ±2.06], an edit score of 90.80% [95%-CI: ±1.47], and a segmental F1-score of 
89.56% [95%-CI: ±1.92] on the SICS-155 challenge dataset, as well as an accuracy of 97.61%/ 93.36%, a 
precision of 98.42%/ 95.27%, and a recall of 97.97%/ 93.32% on the Cataract-101 phacoemulsification public 
dataset (depending on the data split). Building on these promising results, our future work will investigate po
tential real-time quality assessment and complication recognition in SICS and facilitate the development of 
clinical training and surgical quality monitoring software for ophthalmologists in LMICs.

1. Introduction

Cataract is the leading worldwide cause of avoidable blindness. 
Compared to high-income countries of the Global North, low- and 
middle-income countries (LMICs) face limitations in resources including 
infrastructure, funding and availability of medical professionals. This 
leads to a 10-fold higher rate of avoidable cataract-related blindness in 
LMICs (Flaxman et al., 2017; Murthy et al., 2008). In addition to 
increasing access to healthcare, there is a substantial unmet need to 
improve cataract surgery outcomes, given that surgical outcomes in 
LMICs are often poorer due to challenges in recognition and manage
ment of surgical complications (Bhagat et al., 2007; Flaxman et al., 
2017; Goel et al., 2022; Lindfield et al., 2008; Oladigbolu et al., 
2014). Nowadays, cataract surgeries are usually video recorded, which 
allows for self-evaluation, video-based coaching and monitoring of re
sults. Studies have shown that implementing these approaches is 
directly associated with improved surgical outcomes (Hickman et al., 
2022; Thia et al., 2019). However, current solutions require time- and 
personnel-intensive processes to review videos, so they are usually un
available in LMICs (Baltussen et al., 2004; Lindfield et al., 2008; Tabin 
et al., 2008).

One way to address these problems is with artificial intelligence (AI)- 
based solutions, such as deep learning-based automated annotation of 
cataract surgical videos. These solutions can efficiently navigate and 
summarize surgical videos and automatically assess surgical quality. 
Standardized evaluation systems, such as the ICO OSCAR, could be 
assessed automatically (Dean et al., 2019; Golnik et al., 2011).

Important steps in the evaluation process include identifying critical 
phases, tracking the instruments used for each phase, and detecting 
complications (Garcia Nespolo et al., 2022; Mueller et al., 2024; Rampat 
et al., 2021; Sarker, 2021; Valikodath et al., 2021). Analyzing surgical 
phases is important because SICS follows a standardized progression 
from one phase to the next during a typical surgery. This allows for 
quantitative comparisons between surgeons, feedback on critical steps, 
detection of discrepancies from established protocols, identification of 
high-risk phases, and guidance for other tasks, such as instrument seg
mentation (Sachdeva et al., 2025).

Although algorithms have been developed for the automated anal
ysis of video data to evaluate surgical performance parameters in 
phacoemulsification procedures, little research has been conducted on 
manual small incision cataract surgery (SICS), the most widely used, 
appropriate, and cost-effective cataract surgical technique in countries 
in the Global South. A collaboration between a Sankara Eye Hospital in 
Bengaluru, India and the University of Bonn published the first corre
sponding surgical phase dataset, the first surgical instrument dataset, 
and a CNN-based algorithm to establish a baseline for phase detection in 
SICS (Mueller et al., 2025; Sachdeva et al., 2025). Now, we organized 
the SICS-155 challenge at the 28th International Conference on Medical 
Image Computing and Computer Assisted Intervention (MICCAI 2025) 
to find the best approach for surgical phase recognition given current 
advances in DL technology (Mueller, 2025).

In this work, we report the results of the challenge according to the 
BIAS guidelines proposed by Maier-Hein et al. (2020). We then identify 
the most promising approaches for feature extraction, model architec
ture, and post-processing among the submissions, and combine them to 
obtain state-of-the-art results for phase recognition in cataract surgery, 
which we evaluate both on our challenge’s test set, and on the 

Cataract-101 dataset, the largest manually annotated dataset for 
phacoemulsification.

2. Related work

In recent years, there has been a surge in research regarding auto
mated analysis of cataract surgery, but with a primary focus on phaco
emulsification, which has become the preferred technique.

An important milestone was the release of the CATARACTS chal
lenge in 2017 (Liu et al., 2017), with a dataset consisting of 50 videos. 
The aim of the challenge was the detection of surgical tools. Phase an
notations for these videos were subsequently released in 2019, but 
without an associated challenge. In 2016 and 2018, the Cataract-21 and 
Cataract-101 datasets were released by the ITEC in Klagenfurt, Austria 
(Primus et al., 2018; Schoeffmann et al., 2018). The latter collection 
contains 101 surgeries performed by four surgeons at the clinic in Kla
genfurt over a period of 9 months in 2017, with annotations for 10 
distinct surgical phases.

In 2021, Ghamsarian et al. published the CatRel dataset, which 
contains 22 phacoemulsification videos with annotations for relevant 
phases and anatomical landmarks. This dataset was released in collab
oration with the Klagenfurt Group. In 2024, the collaboration unveiled 
the Cataract-1K Dataset, a substantial, partially annotated collection of 
phacoemulsification surgical videos comprising 1,000 videos 
(Ghamsarian et al., 2024). Phase annotations were released for 56 of 
these videos, along with anatomical and instrument pixel-level anno
tations for 2,256 frames. Additionally, a small subset of the surgeries has 
been published that exhibit two major irregularities (“pupil reaction” 
and “IOL rotation”).

The extensive OphNet Dataset was released in 2025. The dataset 
features 2,278 surgical recordings totaling 284 hours and contains 66 
types of cataract, glaucoma, and corneal surgeries from various hospitals 
in different countries. There are 102 phases and 150 operations for 
recognition, detection, and prediction tasks, and more than 77% of the 
videos have high-definition (HD) resolutions of at least 1280 × 720 
pixels. Of these, 743 contain detailed time-boundary annotations, 
resulting in 7,320 phase-level and 9,795 operation-level segments (Hu 
et al., 2025).

In addition, in 2025, our collaborative efforts resulted in the release 
of the previously mentioned SICS-105 phase dataset, which contained a 
subset of the dataset utilized for the MICCAI challenge (Mueller et al., 
2025).

Several private datasets have been reported in the literature, for 
example, the BigCat dataset consisting of 208 videos (Mahmoud et al., 
2024). However, their use remains limited, as they have not been 
made publicly available and results cannot be reproduced.

Adjacent to our domain of cataract extraction, the following surgical 
phase recognition challenges have been conducted:

In 2016, the M2CAI challenge presented 16 videos of cholecystec
tomy procedures that were annotated by phase and surgical tool. These 
videos were taken from the larger Cholec80 dataset, which was released 
in the same year. In 2018, the EndoVis challenge introduced multiple 
datasets focused on laparoscopic surgeries. The SensorOR subchallenge 
featured 30 videos containing 12 different phases. Over the years, this 
challenge has evolved to include surgical step and action recognition. 
The latest iteration of the challenge, held in 2024, presented the Video 
Dataset for Surgical Phase, Keypoint, and Instrument Recognition in 
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Laparoscopic Surgery (PhaKIR), focusing on cross-institutional gener
alizability. The dataset consisted of 13 videos of cholecystectomies with 
annotations for eight different phases (Rückert et al., 2025).

In summary, despite the existence of some publicly available datasets 
for phase recognition in cataract surgery, we identified the need for a 
dedicated challenge to define the state of the art in phase recognition 
with respect to the difficulties associated with the SICS surgical 
approach. This approach is the method of choice in the Global South.

3. Material and methods

In this section, we introduce our dataset, describe the methodology 
of the SICS-155 challenge, and explain how we distilled additional in
sights from the challenge.

3.1. Medical background of manual small-incision cataract surgery

A cataract occurs when the clear lens of the eye becomes opaque, 
most commonly due to age-related changes. The lens lies posterior to the 
iris and anterior to the vitreous body and retina. Cataract leads to 
decreased visual acuity and in its end-stage to blindness. It is treated 
through minimally invasive surgery, such as phacoemulsification and 
SICS (Asbell et al., 2005; Joshua Ehrlich, 2024; Nizami et al., 2022; Rossi 
et al., 2021; Singh et al., 2017).

Manual small-incision cataract surgery (SICS) is frequently used 
in low- and middle-income countries due to comparable outcomes to 
phacoemulsification, its high cost-effectiveness, and low complication 
rate (Baltussen et al., 2004; Jaggernath et al., 2014; Muralikrishnan 
et al., 2004). In this surgery, the ophthalmologist constructs a tunnel 
in the sclerocorneal region, injects an ophthalmic viscoelastic device 
(OVD) to maintain a stable anterior chamber, performs a capsulorhexis 
to access the lens, and hydroprocedures to separate lens layers from the 

Fig. 1. Overview of our challenge design and our dataset. A shows the three phases of our project. First, the training and validation subsets were released for 
participants to train their DL models. Post-submission, these models were graded on the private test set by our team. Finally, the methods proposed by our challenge 
participants were clustered by strategy and systematically evaluated and reassembled into a novel state-of-the-art model. This final architecture was validated on an 
external dataset (Cataract-101). B shows examples of the phases encountered in a typical SICS procedure with some sample frames. C highlights the fact that our 
dataset is the biggest, public and fully annotated cataract dataset (left) and presents the architectures (top right) and feature-types (bottom right) chosen by our 12 
participants.
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capsular bag. The cataractous nucleus is then prolapsed and extracted 
(Gurnani B and K, 2023; Joshua Ehrlich, 2024; Tabin et al., 2008). The 
remaining lens cortex is removed by aspiration, and an intraocular lens 
(IOL) is placed into the capsular bag, and the access tunnels in the 
conjunctiva are closed. Important steps are shown in Fig. 1B.

SICS differs from phacoemulsification surgery (primarily used in the 
Global North) in the following ways: SICS involves a larger incision, 
approximately 6-8 mm (compared to 2-3 mm), which allows for easier 
maneuvering of tools and extraction of the cataractous lens in its en
tirety. The surgical phases of SICS differ from those of phacoemulsifi
cation. In SICS, steps such as peritomy, nucleus prolapse, and nucleus 
delivery are performed, while in phacoemulsification, trenching, nu
cleus emulsification, and irrigation/aspiration are performed using the 
handpiece instead of a Simcoe cannula. SICS utilizes specialized tools, 
such as the Vectis, conjunctival scissors, Simcoe cannula, cautery, and 
crescent blade. These tools are not used in phacoemulsification surgery, 
which uses tools like the phaco probe, irrigation/aspiration probe, and 
lens injector (Grammatikopoulou et al., 2021; Spencer, 2006).

3.2. SICS-155 dataset details

Our SICS-155 dataset consists of 155 recordings performed at the 
Sankara Eye Hospital hospital in Bengaluru, India and annotated by 
three ophthalmologists over 6 months in 2023 to 2024 with 19 distinct 
phases. The 155 videos have a resolution of 960 × 540 pixels (after 
downsampling from 1920 × 1080 pixels) and a framerate of 15 fps 
(downsampled from 30 fps). Surgery durations range from 5:01 to 21:58 
minutes, and the average video length is 13:05 minutes. The dataset is a 
superset of an earlier published database and includes 50 additional 
videos. Most public datasets used in related phacoemulsification 
research have a size between 30 and 100 surgery recordings (Cataract- 
101, IEEE CATARACTS, ...). Some private datasets, like BigCat, have up 
to 208 videos. We aimed to build a dataset with a similar size for SICS. 

Fig. 2 highlights that the class or phase distribution in the SICS-155 
dataset is highly uneven, an imbalance that must be addressed by par
ticipants of the challenge.

The dataset can be publicly accessed under the following URL: 
https://doi.org/10.5281/zenodo.15044589. The overall study protocol, 
the data collection and dataset publication were approved by the Insti
tutional Ethics Committee of the Sankara Eye Hospital in Bengaluru, 
India on the 11th of January 2024. The approval number is SEH/BLR/ 
EC/2024/114. All experiments were performed on anonymized data and 
in accordance with relevant guidelines and regulations. As detailed 
below, informed consent was obtained from all participants before 
surgery and data collection.

Patient selection and recruitment: The inclusion criteria for pro
spective recruitment at Sankara Eye Hospital in Bengaluru, India were 
patients with impaired best-corrected visual acuity due to cataracts (as 
diagnosed by an ophthalmologist), who provided written informed 
consent, and who were candidates for SICS. The surgery was performed 
using a digital microscope with a field-of-view recording system. After 
the included patients underwent surgery, their data was anonymized 
and randomized into training, validation, and test sets (ntrain=100, 
nval=15, ntest=40) stratified by video length clustered into short, 
medium-length and long videos. This was done to guarantee a repre
sentative test set for the entire dataset. Patients without a consent form 
or with insufficient video quality were excluded from analysis.

Annotation procedure: Annotation of the surgery recordings was 
performed by three senior ophthalmologists from the Sankara Eye 
Hospital in Bengaluru, India. To ensure annotation quality, 10 random 
videos from the dataset were annotated by two different annotators and 
an inter-grader agreement analysis was performed (Ward et al., 2021). 
After a high agreement was observed between the annotators (Cohen's 
kappa of 0.96, accuracy of 98.41%), the annotators split the remaining 
dataset between themselves and completed the annotations. One 
recording corresponds to one patient and is treated as one case. Most 

Fig. 2. Boxplot of the durations of different surgical phases in manual small-incision cataract surgery, without outliers. The plot shows the inherent class imbalance 
in surgical datasets, where some phases e.g. side port only represent a small number of frames and others like cortical wash are overrepresented.
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errors were caused by the inherently smooth phase transitions when 
annotators disagreed about the specific second where a phase starts or 
ends.

Outlier removal and processing: Videos were manually reviewed; 
recordings that showed complications requiring extra phases not enco
ded in the 19 phases of SICS (e.g. vitrectomy) and videos longer than the 
mean plus two times the standard deviation of the dataset were removed 
(duration > 21:59 minutes). Videos were scaled down to 960 × 540 
pixels using FFmpeg’s Lanczos-resampling for better comparability with 
the Cataract-101 dataset and to counteract blurriness caused by 
compression by the recording equipment. Consequently, the present 
dataset primarily represents routine SICS workflows and does not cover 
the full spectrum of complicated or irregular cases requiring additional 
surgical steps.

3.3. Mission of the challenge

The Phase Recognition in Small Incision Cataract Surgery Videos 
(SICS-155) Challenge aims to advance the evaluation of automated 
surgery in ophthalmology by providing the first high-quality public 
dataset on Small-Incision Cataract Surgery (SICS). Although cataract 
extraction is the most common surgical procedure worldwide, there is a 
significant research gap: existing datasets primarily originate from HICs 
and focus on phacoemulsification. The SICS-155 Challenge addresses 
this disparity by providing data from LMICs, where the cataract burden 
is highest and SICS is the most vital and cost-effective surgical tech
nique. Due to the high volume of SICS procedures in LMICs, the need for 
automation is particularly acute.

The task of this challenge is the accurate recognition of phases 
(temporal segmentation) of a single small-incision cataract surgery. This 
requires overcoming the inherent complexities of SICS, which typically 
features longer operative durations and a wider variety of specialized 
instruments than standard phacoemulsification. Even though SICS is 
most frequently performed in resource-limited settings, the initial step 
towards robust video analysis is post-operative, offline processing, 
which can be done off premises. Therefore, computational constraints 
were not a primary concern in this challenge.

Another key objective is to leverage the temporal information 
inherent in the provided video sequences to improve the accuracy and 
robustness of phase prediction. By providing the first public dataset for 
SICS, we aim to accelerate the development of AI tools that could sup
port surgeon training, facilitate postoperative quality assessment, and 
may ultimately improve surgical outcomes in LMICs. Additionally, the 
availability of our dataset allows testing for generalizability of phase 
recognition algorithms due to the differences in surgical steps, used in
struments and occurrence of complications as compared to 
phacoemulsification.

3.4. Organization of the SICS-155 challenge

Following acceptance of our challenge as a one-time satellite event of 
MICCAI 2025, held jointly with the 12th Ophthalmic Medical Image 
Analysis Workshop on September 27, 2025, we implemented a struc
tured evaluation process and timeline. To facilitate benchmarking, we 
utilized the open-source CodaBench platform, ensuring all provided 
source- and evaluation-code remained publicly available on GitHub. No 
members of the organizers’ institutions participated in this challenge. 
During the entire challenge period, the primary organizer provided 
support for technical bugs and hardware compatibility in the submission 
pipeline but did not assist in method development.

The SICS-155 challenge began with a pre-registration phase for 
interested parties that concluded on April 1, 2025. Participants then 
entered a development phase lasting until August 10, 2025, during 
which they were granted access to training (ntrain=100) and validation 
(nval =15) subsets, optionally accompanied by pre-computed inflated- 
3D (i3d) features (Carreira and Zisserman, 2017). Throughout this 

phase, training was permitted on the challenge data plus any other 
publicly available data. In this part of the challenge, participants were 
able to check their results by uploading their predictions and getting the 
respective performance metrics on a validation set displayed on a tem
porary leaderboard. Submission instructions were provided on the 
challenge webpage and on CodaBench: https://www.codabench.org 
/competitions/9961/.

Between August 10 and August 26, the challenge transitioned to the 
grading phase. Participants were given this two-week window to upload 
their DL architectures in a predefined format, aided by a mock predic
tion model that we provided. These Docker containers were executed on 
a private virtual machine hosted via a cloud service, where they ingested 
the 40 videos of the still-private test set for inference. Participants were 
limited to 5 runs per 24 hours, with inference time restricted to a 6-h 
duration to enable fair access to everyone. Missing test cases were 
assigned a chance score. By the deadline on August 26, 12 of the 38 
registered teams had submitted their source code. The resulting pre
dictions were used to calculate accuracy, edit–score, and F1-score, with 
the results subsequently published to the public ranking on CodaBench.

The final ranking was officially announced via email and the chal
lenge website on August 31. Eight of the submissions produced viable 
results on the test set, and 6 teams submitted short papers delineating 
their methodology. The teams occupying the top three ranks, amounting 
to five groups due to shared ranks (method described in section 3.5), 
were given the opportunity to name a maximum of three co-authors for 
this joint publication, provided they submitted a description of their 
method. Additionally, the overall winner received an award of €500. 
Detailed information regarding the entire organization of the challenge 
can be found on the challenge website (Mueller, 2025).

3.5. Assessment method

Overall Ranking: To establish the challenge winner, we calculated a 
point-based significance ranking, using the statistical approach and 
recommended best practices outlined in the paper by Maier-Hein et al. 
(Maier-Hein et al., 2020). The final ranking was based on statistically 
significant outperformance of competing submissions. To avoid reliance 
on a single metric, rankings combined per-frame accuracy, quantifying 
overall correctness, F1-score to account for class imbalance; and edit 
score, which captures temporal coherence and the correct sequence of 
phases. F1-scores used the macro average configuration. All scores were 
first calculated for each test sample and then averaged across the entire 
test set.

The pseudocode for this approach is described below:
All metrics used in the challenge are calculated for each case (video) 

and averaged across all cases in the test set. We adopt a point-based 
ranking method supported by statistical analysis for robustness and to 
filter out small differences in scores between participants. We choose the 
significance level α = 5%. For each metric mk, k = 1, ..., o: 

1. Determine performance mk of each algorithm for each test case
2. Perform pairwise comparisons between the results for the metric mk 

from two participants with the values using Wilcoxon signed rank 
test (with α)

3. Determine a significance score which equals the number of results 
(from other teams) performing significantly worse than the current 
algorithms results according to the test

4. Compute the overall ranking (shared ranks possible) for the metric 
mk based on the scores. The highest score corresponds to the best 
result(s) from the submitted algorithm(s) (rank 1)

The final ranking over all metrics is computed by aggregating the 
significance scores by calculating their mean or median.

The ranking and the winner of the challenge were announced on the 
31st of August 2025 via mail and on the official webpage of the SICS-155 
Challenge (Mueller, 2025).
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3.6. Process to distil insights from contributions

The results from the top four challenge participants showed im
provements compared to our baseline algorithm by introducing new 
features, neural network architectures, and post-processing strategies, 
but did not systematically sample the resulting design space (Mueller 
et al., 2025). Therefore, after concluding the challenge, we investi
gated whether clear best practices could be distilled from all approaches 
and whether combining them would further improve results. We also 
evaluated whether the resulting architecture was specific to SICS or if it 
also provided state-of-the-art results for phase recognition in phaco
emulsification surgery.

During the post-challenge phase, we evaluated various combinations 
of the teams' methods on the validation set. Then, we ran the best model 
from this comparison on the SICS-155 test set and compared it with the 
individual contributions. To determine the generalizability of the 
optimal architecture, we trained and evaluated it without additional 
hyperparameter optimization on the Cataract-101 dataset.

The results and comparison to prior results are described in the Re
sults section below.

3.7. Software tools and statistical analysis

The Python programming language (version 3.11), the SciPy statis
tics package and the Matplotlib library were used to randomize acquired 
videos, facilitate training and inference of the DL networks, evaluate 
results and generate plots. DINOv3, CLIP and i3d features were extracted 
using the video_features library from Vladimir Iashin (v-iashin) avail
able on GitHub (Iashin, 2020). This library uses PyTorch Image Models 
(timm) to extract embeddings from the underlying backbone. For this 
patch tokens are calculated by the frozen transformer which are then 
pooled to produce a 1-dimensional vector per video frame containing 
dense spatial information. For DINOv3, we considered two feature 
extraction choices, mean-pooled patch tokens and the CLS token. Linear 
probing with both performed comparably (around 40% frame accu
racy). We decided to use the pooled patch features, in the hope that they 
capture more details of individual anatomical structures and surgical 
tools.

To rank the challenge participants, we used frame-wise accuracy, F1- 
score and segmental edit score to keep the protocol simple as required by 
the challenge review. The edit-score is defined using a normalized edit 
distance punishing insertions, deletions and replacements as described 
by Lea et al. (2016). For our post-challenge experiments, we used a more 
comprehensive set of metrics. We utilized frame-level metrics to get a 
general idea of the performance of the algorithm and phase-level eval
uation metrics to get more robustness against class imbalances. For the 
first, we use accuracy, precision and recall and for the second group 
metrics consisted of phase-accuracy, the edit score and F1-scores for an 
overlap between prediction and ground truth of more than 10%, 25% 
and 50%. For simplicity, we calculate the average F1 score (Zhang et al., 
2024, Lea et al., 2017; Lea et al., 2016): 

F1avg =
1
3
× (F1 @ 0.10 + F1 @ 0.25 + F1 @ 0.5)

For the uncertainty analysis of our models, we retrain the model with 
7 random seeds and report each metric as its mean across seeds with a 
95% confidence interval. Given the small number of seeds, the interval is 
derived from the standard error using Student's t distribution rather than 
the normal approximation (Raschka, 2024; Steinbach et al., 2022). The 
resulting confidence intervals quantify variability due to repeated 
training, for a fixed choice of videos for evaluation.

4. Results

In the following, we present results for the SICS-155 challenge, 
analyze the methods that have been used by participants, and provide a 

more detailed description of the most relevant ones.

4.1. Results of the SICS-155 challenge

Our challenge concluded on 30 August, and eight teams managed to 
submit running algorithms to our platform. The performance metrics 
accuracy, edit- and F1-score were calculated using the outlined point- 
based significance ranking approach (significance level α=5%) using 
their predictions and the private ground truth of the test set (n=40 
videos). The resulting rankings are displayed in Table 1. Details have 
been removed and team anonymized when no method description was 
supplied in accordance with the BIAS guidelines.

The MIPLab team from the University of Calgary in Canada achieved 
the top results, with an accuracy of 85.88% and an edit-score of 89.00% 
that were significantly better than all other teams. Second place was 
shared by TeamBIT from the Beijing Institute of Technology in China; 
and the team AtlasVision from the University Mohammed VI Poly
technic Benguerir in Morocco.

Third place was awarded to the teams from the Fraunhofer HHI 
Institute in Berlin, Germany and Team HD from the Hang Zhou Dianzi 
University in China. The HHI team was only able to run inference at a 
temporal resolution of 5 FPS, so their score might under-represent their 
model's power. The remaining submissions could not generalize well to 
the test set.

4.2. Clustering of methods used by challenge participants

We reviewed all viable submissions to identify similarities and dif
ferences. All submissions focused on offline phase recognition, no online 
methods that could be used during a surgery have been submitted. 
Overall, participants exploited three main areas of improvement to 
boost phase recognition accuracy in the video processing pipeline, as 
summarized in Fig. 1C: 

1. Teams experimented with different types of input video features. 
These features were usually extracted from the input video by fixed 
backbone networks and then used for training and inference by the 
main network.

2. Additionally, our participants improved the prediction architecture. 
All submissions, like our baseline, involved some kind of temporal 
modeling. While some teams built on the MS-TCN++ architecture 
that was used in our baseline, other teams explored LSTMs or 
transformer-based architectures.

3. Finally, some teams post-processed the predictions from the main 
network to improve temporal coherence. Here, confidence filtering 
and ensembles were considered.

This clustering allowed us to systematically analyze the results and 
extract further insights by combining the best-performing elements from 
all three areas in Section 5. In the next subsection, we will highlight 
some effective and innovative approaches to the intrinsic challenges of 
our dataset.

4.3. Highlighting specific approaches in the challenge

In this section, we present an overview of the methods used by 
participants and described in the five short papers whose authors are co- 
authors of this joint manuscript. The contribution of the second team 
sharing rank 2 will not be discussed because no short paper was 
submitted.

Confidence Filtering and VideoMAE (rank 1): The winning team 
(Nielsen et al.) used the MS-TCN++ implementation from our baseline 
implementation but replaced the I3D features with the more powerful 
VideoMAE features (Tong et al., 2022) and increased its capacity via 
hyperparameter optimization. Extraction speed of these features has 
been optimized by temporally downsampling the input video and then 
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interpolating the calculated features for the target framerate of 15. A key 
technical innovation in their approach improved temporal consistency 
via confidence filtering; identifying frames that were not classified with 
sufficient confidence by the network and reassigning them to the phase 
of the temporally closest confident frame. This approach successfully 
suppresses brief, low-confidence label flips. As shown below, it improves 
results for both MS-TCN++ and the ASFormer architecture.

Because frame-level class probabilities were not well calibrated 
initially, this team calibrated confidence scores via temperature scaling. 
First, a single temperature parameter was optimized by minimizing the 
negative log-likelihood on the logits in the training set, following tem
perature scaling for neural calibration. Second, a per-class confidence 
threshold is calculated as the 25th percentile of the true-class softmax 
confidences, measured on probabilities in the training set. At inference, 
the predicted logits are divided by the temperature parameter before 
computing the predicted class and confidence at each frame, which 
serve as the basis for the above-described confidence filtering approach.

Feature and Model Ensembles (shared rank 2): Du et al. explored 
ensemble strategies for video features and temporal modeling to boost 
overall performance. They evaluated multiple feature types and finally 
decided to combine I3D and S3D features to capture different aspects of 
the data. They found that the combination with equal weights of two 
differently trained MS-TCN++ networks and one Coarse-to-Fine Tem
poral Convolutional Network (C2F-TCN) on the logit level yielded the 
best results. Accuracy improved by 0.79 percentage points and the edit- 
score by 4.47 percentage points compared to the baseline architecture.

Boundary-aware FACT (shared rank 2): Yasser et al. concentrated on 
identifying an architecture for better temporal modeling and adapting it 
to the problem posed by the SICS-155 challenge. Their approach was 
based on the Frame-Action Cross-Attention Temporal Model (FACT) 
published in 2024 by Lu et al. which combines a frame branch based on 
convolutions and an action branch with learned action tokens (Lu and 
Elhamifar, 2024). The team extended that framework by modifying 
the temporal smoothness loss to facilitate label changes at true phase 
transitions. To this end, they added a boundary head to FACT’s frame 
branch, consisting of a parallel 1-dimensional convolutional layer fol
lowed by a sigmoid function, yielding a per-frame phase boundary 
probability pb(t) ϵ [0, 1] using the same features as the classifier. During 
training, the boundary head was supervised through a cross-entropy loss 
based on the ground truth yb(t) = 1

(
yt ∕= yt− 1

)
. The boundary head 

was not used at inference. Its output only served as a boundary weight in 
a total variation loss that regularized frame-wise phase predictions pt, 

LTV =
1

T − 1
∑T− 1

t=1
(1 − pb(t))γ

||log pt+1 − log pt ||2
2 

This loss replaces FACT’s uniform smoothing. The exponent 
γ>0 controls how much even uncertain boundaries pb(t) < 1 should 
relax the smoothness penalty. It is set to γ=2 via hyperparameter opti
mization. A schematic of their modified architecture can be seen in 
Fig. 3.

Odd-K-Out feature extraction (shared rank 3): Most participants 
utilized out-of-the-box pre-trained features like i3d or VideoMAE with 
good predictive performance. Renz-Kiefel et al. chose to instead learn 
their own representation, with the goal of maximizing its ability to 
discriminate between different phases. They formalized this as an odd- 
one-out prediction task, in which the network is presented with three 
frames, two belonging to the same surgical phase, the remaining one to a 
randomly selected different phase. A ResNet50 is then trained to 
recognize the odd-one out (Muttenthaler et al., 2023). During training, 
the images in one set are each passed through the network, and the 
resulting logits are averaged over the set. The purpose of this is to 
overcome the class imbalances that are posed by our dataset and to 
extract better features that can be used for the final step of the phase 
predictions using a network that models the temporal component of the 
surgical sequences. Even though the features learned with this approach 
performed less well than the VideoMAE features (accuracy of 73.92% 
versus 82.61%) in our experiments, combining them with the ASFormer 
architecture for the final phase predictions worked sufficiently well to 
achieve rank 3 (Yi et al., 2021).

Bi-LSTM and convolutions (shared rank 3): Zheng et al. used stan
dard I3D features for the training of a bidirectional LSTM and a temporal 
ConvNet to combine long-range dependencies and local similarities. 
Fusion of the two networks occurs before a final fully connected layer 
and the cross-entropy loss. A latent space of 256 dimensions worked well 
for the LSTM and was determined together with the other hyper
parameters via an exhaustive grid search. This approach worked well on 
the development set but suffered from over-segmentation, as can be seen 
from the discrepancy between accuracy (70.64%) and edit-score 
(48.70%).

5. A new state-of-the-art model based on the SICS-155 challenge 
results

Analyzing the results of our challenge, we identified three main areas 
of improvement: input features, network architectures, and post- 
processing strategies, as discussed in Section 4.2. However, the sub
missions represented a limited number of combinations of these ap
proaches, which prevented us from assessing the individual relevance of 
each aspect. Therefore, this section reports additional experiments in 
which we systematically explored combinations of the most successful 
strategies after the challenge concluded.

5.1. Quantitative evaluation of methods

Three teams experimented with improving pre-computed input fea
tures (see Table 2) and achieved promising results with inflated-3D 
(i3d), VideoMAE features and a custom Odd-K-Out feature extractor. 
For completeness, we add experiments with the recently released 
DINOv3 features and CLIP features that achieved good results in other 
computer vision domains. All extracted features were used to train an 
MS-TCN++ model on the train subset, and this model was used to run 

Table 1 
Results of the participants of the SICS-155 challenge in the final grading round.

Participant Initials* Rank** Accuracy Edit-score Frame- F1-score Method Description

MIPLab, CA CN, PG, AG, NDF 1 85.88 89.00 81.05 MS-TCN++, Confidence Filter, VideoMAE features
Anonymized; details not reported - 2 82.37 86.21 75.65 -
Team BIT, CN YK, HJ, JD, HL 2 82.96 83.35 77.53 Ensemble MS-TCN++ / C2F-TCN, I3D/SD features
AtlasVision, MA YEJ, YI, LM 2 81.88 84.74 75.76 Boundary-aware FACT, I3D features
Fraunhofer HHI, DE LRK, ELW 3 74.72 41.41 66.06 ASFormer, Custom Odd-k-out features
Team HD, CN DZ, JL, MH 3 70.64 48.70 61.93 Bidirectional LSTM + temp. ConvNet, I3D features
Anonymized; details not reported - 4 48.24 7.74 36.93 -
Anonymized; details not reported - 5 10.36 68.95 8.33 -

The participants' code is executed on a remote virtual machine on the private test set (n = 40 videos) and the results published on CodaBench. Details were removed 
from teams that did not supply a method description. *This column reports the initials from the participants of the team in correspondence to our co-author list. 
**Ranking of the teams is established by the significance rating algorithm described in the methods section.
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predictions on the validation subset.
These experiments showed that VideoMAE and DINOv3-Large 

perform best in the context of our challenge with an accuracy of 

82.61% versus 80.42%, an edit-score of 75.12% versus 77.84%, com
parable F1-scores and overlapping 95% confidence intervals for the 
measured metrics. Comparing VideoMAE features to the i3d feature 

Fig. 3. Overview adapted from Yasser et al. showcasing the boundary-aware FACT architecture (Lu and Elhamifar, 2024). The addition of a CNN-based boundary 
head to the frame branch described in the original research paper that is only active in the training phase boosts predictive performance on the SICS-155 dataset and 
contributed to the second rank in our challenge.

Table 2 
Evaluation of the effect of changing the pre-processed feature extraction on prediction quality.

Metric i3d CLIP VideoMAE DINOv3-B DINOv3-L Odd-K-Out

Accuracy 76.59 [±2.38] 68.82 [±2.42] 82.61 [±1.56] 77.89 [±0.93] 80.42 [±1.73] 73.92 [±1.23]
Edit-score 68.77 [±4.87] 71.36 [±4.23] 75.12 [±1.80] 75.88 [±3.04] 77.84 [±5.07] 43.73 [±1.74]
F1 @ 0.10 69.52 [±6.06] 67.64 [±3.34] 79.54 [±2.17] 78.82 [±2.05] 80.49 [±4.47] 54.29 [±1.91]
F1 @ 0.25 65.47 [±6.73] 63.32 [±2.91] 76.92 [±2.24] 75.07 [±2.39] 76.83 [±4.43] 49.50 [±1.93]
F1 @ 0.50 53.61 [±6.34] 49.43 [±3.35] 67.13 [±2.99] 61.10 [±2.61] 65.29 [±4.39] 38.89 [±2.12]
F1-avg 62.86 [±6.26] 60.13 [±3.13] 74.53 [±2.35] 71.67 [±2.47] 74.20 [±4.38] 47.56 [±1.94]
Tcompute / 100 vids 23:10 9:10 5:48 12:23 15:40 6:07

After the extraction of the given feature type, they are used for training an MS-TCN++ model and calculating the performance metrics on the validation data. 95% 
confidence intervals (derived from seven training runs with different random seed initializations) are shown in square brackets. Compute time is given in the format 
HH:MM. Here the segmental F1-score with different thresholds 10%, 25% and 50% is reported.
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baseline, segmental scores improve significantly with +6.02 points in 
accuracy and +6.35 points in the edit score. Processing 100 videos was 
significantly faster (5:48 versus 15:40 hours), using the VideoMAE 
feature extraction code from the winning team, due to the down
sampling and interpolation described in Section 4.3. DINOv3-Base was 
slightly faster, but also less accurate than the larger model variant, and 
still took more than twice as long as VideoMAE. The custom-trained 
Odd-K-Out feature processor performed worse with the MS-TCN++

architecture than frozen out-of-the-box feature extractors like DINOv3 
or i3d.

In the next step, we evaluated different DL architectures that were 
utilized by our participants. Three teams used the MS-TCN++ model, 
one team used ASFormer and two teams variations of the FACT model. 
To make these approaches comparable, we trained all of them on i3d 
features. The resulting Table 3 shows that boundary-aware FACT as 
proposed by Yasser et al. (team AtlasVision) outperformed both MS- 
TCN++ and ASFormer, especially when looking at the edit-score 
(84.23% vs 68.77% and 80.47%). The performance of MS-TCN++

could be boosted to narrow the gap with FACT when using the Confi
dence Filtering approach proposed by Nielsen et al. (team MIPLab) 
which especially boosts edit-score and F1-score.

We combined confidence filtering also with the other architectures 
but found that it improved results only for MS-TCN++ and ASFormer 
(improvements of 12.47 and 3.52 percentage points in edit-score) but 
did not work well with the baseline or boundary-aware FACT model, due 
to less oversegmentation errors (further elaboration in the discussion).

Similarly, we found that the ranking of feature types depended on the 
model architecture. Therefore, we ran an exhaustive search on all 
combinations of input features, model architecture, and post-processing 
steps, including and excluding confidence filtering. The most important 
results of this search are reported below.

In a first step, to validate the benefit of the boundary-aware modi
fication proposed by Yasser et al., we trained an unmodified version of 
FACT with i3D features as a baseline (see Table 3). On these features the 
modification had a mixed effect: frame-wise accuracy and edit-score 
increased (accuracy of 81.24% vs. 80.28% and edit score 84.23% vs. 
84.14%), while segmental F1-scores decreased (F1-avg of 80.71 vs. 

81.44%). We then re-evaluated the feature and architecture combina
tions that had performed best in our earlier analysis, assessing both the 
boundary-aware modification (plain vs. boundary-aware FACT with 
VideoMAE features) and the input feature type (VideoMAE vs. DINOv3- 
L with boundary-aware FACT) on the validation set. These results are 
reported in Table 4.

With VideoMAE features, the boundary-aware modification 
improved all six metrics over the plain FACT baseline, unlike the mixed 
effect seen with i3D features. The largest gains were in the segmental 
edit-score (87.59% vs. 85.22%) and F1 @ 0.10 score (89.59% vs. 
87.64%), whereas the accuracy score improved only marginally (+0.14) 
and the F1-average by +1.6. All confidence intervals overlap, so these 
differences should be read as consistent trends.

Substituting VideoMAE with DINOv3-L features left validation per
formance essentially unchanged, but VideoMAE retained a small edge 
on the edit score (87.59% vs. 87.41%) and the F1-average score (85.71% 
vs. 85.59%). DINOv3 performs slightly better on the accuracy score: 
85.52% vs. 85.72%. All differences fall well within the reported confi
dence intervals.

Since we saw no meaningful difference in the scores, and computing 
VideoMAE features took roughly a third of the time compared to 
DINOv3-L, we performed the remaining experiments using VideoMAE 
features. In particular, we trained the boundary-aware FACT with Vid
eoMAE features on the combined training and validation subsets and ran 
inference on the challenge test set of 40 videos. Again, we estimated the 
uncertainty through 95% confidence intervals obtained by reseeding 
during training. This configuration outperformed all challenge sub
missions, with an accuracy of 87.98% [95%-confidence interval: 
±2.06], a mean edit score of 90.80% [±1.47], and a mean F1-average of 
89.56% [±1.92].

5.2. Validation on the Cataract-101 dataset

Finally, we examined whether the optimal model from our post- 
challenge experiments could be generalized to the Cataract-101 data
set. We treated this dataset as an external, completely independent test 
case, as it used a different variant of cataract surgery (phacoemulsifi
cation) and a different set of phases. Due to the similar performance 
between VideoMAE and DINOv3-L features in our initial evaluation (see 
Tables 2 and 4), we trained the boundary-aware FACT both with Vid
eoMAE and with DINOv3-L features on the Cataract-101 dataset and 
compared results with those reported by other authors in the last five 
years, as shown in Table 5. We selected the subset of performance 
metrics by reviewing the given articles and choosing the metrics re
ported in almost all of them.

As shown in Table 5, our approach demonstrates strong cross-dataset 
generalization without tuning on the external dataset and seems to 
improve on the previously reported results (14.85% of videos in the test 
split) with an accuracy of 97.61%, a precision of 98.42% and a recall of 
97.97%. We again observe small performance increases when using 

Table 3 
Evaluation of various DL architectures on the prediction quality.

Metric MS- 
TCN++ (
Table 2)

ASFormer FACT Ba- 
FACT*

MS-TCN++

w/ Confidence 
Filter

Accuracy 76.59 
[±2.38]

78.66 
[±1.88]

80.28 
[±0.81]

81.24 
[±0.69]

74.63 [±5.64]

Edit-score 68.77 
[±4.87]

80.47 
[±2.63]

84.14 
[±1.80]

84.23 
[±1.98]

81.24 [±5.62]

F1 @ 0.10 69.52 
[±6.06]

82.35 
[±3.24]

86.40 
[±1.55]

85.97 
[±1.74]

83.80 [±3.28]

F1 @ 0.25 65.47 
[±6.73]

78.72 
[±3.36]

83.41 
[±1.65]

82.75 
[±1.57]

79.37 [±4.24]

F1 @ 0.50 53.61 
[±6.34]

66.75 
[±4.23]

74.52 
[±2.35]

73.41 
[±1.29]

66.09 [±6.34]

F1-avg 62.86 
[±6.26]

75.94 
[±3.57]

81.44 [±
1.78]

80.71 
[±1.45]

76.42 [±4.56]

Ttraining 

(hh: 
mm)

03:02 18:31 06:22 06:22 03:02

Tinference 

(in secs)
2.64 6.31 1.08 1.08 2.67

All models were trained on inflated 3D features. The last column shows the effect 
of the post-processing technique confidence filtering on the MS-TCN++ archi
tecture. The best overall results are in bold font. 95% confidence intervals 
(derived from seven training runs with different random seed initializations) are 
shown in square brackets. *A modified version of the FACT architecture that is 
phase boundary aware has been used as proposed by the team AtlasVision in the 
previous subsection. Compute time for training is given in the format HH:MM 
and for inference in seconds. Here the segmental F1-score with different 
thresholds 10%, 25% and 50% is reported.

Table 4 
Validation set ablation study of our final model.

Metric FACT /w 
VideoMAE

Ba-FACT /w 
VideoMAE

Ba-FACT /w 
DINOv3-L

Accuracy 85.38 [±0.72] 85.52 [±1.13] 85.72 [±0.99]
Edit-score 85.22 [±1.63] 87.59 [±1.67] 87.41 [±1.23]
F1 @ 0.10 87.64 [±1.57] 89.59 [±1.20] 89.98 [±0.58]
F1 @ 0.25 85.73 [±1.44] 87.22 [±1.36] 87.57 [±0.77]
F1 @ 0.50 78.96 [±1.63] 80.31 [±1.79] 79.21 [±1.19]
F1-avg 84.11 [±1.46] 85.71 [±1.37] 85.59 [±0.73]

Evaluated components include previously optimal features (VideoMAE, 
DINOv3-L) and FACT architectures (boundary-aware, plain). The best overall 
results are in bold font. 95% confidence intervals (derived from seven training 
runs with different random seed initializations) are shown in square brackets. 
Here the segmental F1-score with different thresholds 10%, 25% and 50% is 
reported.
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VideoMAE features compared to DINOv3-L. Additionally, we calculated 
our previously established edit score (91.72%) and F1avg-score 
(92.70%).

For a fairer comparison with test set splits utilized by other authors, 
we also report the results of our model with the least amount of training 
data among the reported splits (51 training videos, 50 test videos). This 
made accuracy drop to 93.36% (precision 95.27% and recall 93.32%) 
which remains competitive with results of specialized architectures.

5.3. Implementation details of final architecture

The previously described boundary-aware FACT architecture was 
trained with the following configuration: Video features were extracted 
using the custom extraction code supplied by Nielsen et al. which 
internally utilizes the VideoMAE v2 implementation from Hugging Face, 
yielding a feature dimension of 1024. These features were used to train 
the modified FACT model of Yasser et al., which augments the input 
block with a boundary head and an additional boundary loss (see 
Section 4.3 for details).

The model was trained for 150 epochs using the Adam optimizer 
with a learning rate of 1e-4, decayed once at epoch 80. The batch size 

was set to one video, with all frames sampled from the input features. 
The architecture comprises one input block with 6 attention layers and 
three update blocks with 1 attention layer each; every block contains 10 
convolutional layers in the frame branch. The action branch is initialized 
with 37 action tokens. A conditional masking ratio of 0.3 was applied. 
The total loss is a uniform combination of four terms: Frame Loss, Cross- 
Attention Loss, Action-Token Loss, and Temporal Smoothing Loss 
(replaced by the new boundary loss). Token-to-segment matching fol
lows a one-to-one assignment strategy.

6. Discussion

Compared to our baseline on the smaller, manual small-incision 
cataract surgery dataset (SICS-105), the results from the SICS-155 
challenge show significant improvements at every step of the surgical 
phase detection pipeline. Analysis of the validation set results shows that 
the accuracy and edit score improved by 8.93 and 18.82 percentage 
points, respectively, when comparing the original MS-TCN++ archi
tecture to the best model identified during post-challenge experiments 
(boundary-aware FACT with VideoMAE features).

This result is especially significant for countries in the Global South, 
where SICS is the preferred surgical technique. Here, the automation of 
surgical analysis can help counteract limitations in training resources 
and improve quality control.

The final model narrows the gap to human expert agreement but 
does not close it. Averaged over seven training runs with different 
random seeds, the top-performing model achieved an accuracy of 
87.98% [95%-confidence interval ± 2.06], an edit-score of 90.80% [±
1.47], and a segmental F1-score of 89.56% [± 1.92]. For reference, the 
inter-rater agreement of two ophthalmologists was 98.41% accuracy, 
97.64% edit-score, and 96.54% F1-score, leaving a residual gap. The 
model therefore reproduces the expert phase sequence with high fidelity 
while still falling measurably short of human performance, which we 
regard as the practical ceiling for this task.

We also demonstrate that these strong results translate to phase 
recognition in phacoemulsification surgery and that our final boundary- 
aware FACT model shows strong cross-dataset generalization without 
additional tuning on an external dataset. The architecture is competitive 
and even surpasses some of the results reported by other authors in the 
literature. However, we note that a direct comparison of results is 
limited by the fact that no unique split into training and test set has been 
established for this dataset.

Results in Table 2 highlight that VideoMAE and DINOv3 features 
performed significantly better than other older features. We theorize 
that VideoMAE is well suited to our surgical videos because it encodes 
spatial and temporal dependencies by using a novel masking strategy. 
Tong et al. found that most videos have a very high temporal correlation. 
Simple frame masking is insufficient for training an autoencoder 
because there is enough information in the predecessor and successor 
frames to enable restoration without learning of semantic relations. 
Their team proposed tube masking, which removes an area in a frame 
and propagates the mask along the temporal axis. This method has an 
extreme masking ratio of 90%. This forces the self-supervised trans
former network to reason over high-level semantics to recover these 
totally missing cubes during training (Tong et al., 2022). The resulting 
backbone is ideal for encoding the properties of a SICS surgery because 
large parts of the scene remain unchanged throughout the procedure. 
The surgical environment, ocular anatomy, and supporting instruments 
remain the same throughout the recording process.

In contrast, DINOv3 operates on a per-frame basis. In this approach, 
a student model must produce predictions that closely resemble the 
outputs of a teacher model. During self-supervised training, the teacher 
model uses a global view of an image, while the student model only has 
access to cropped versions of the same image. This iterative process, 
applied to a large set of natural images, teaches the student model to 
relate local image patches to the global context of the teacher model 

Table 5 
Comparing the results of our assembly of best practices from the SICS-155 
challenge on the Cataract-101 dataset with phase recognition approaches by 
other authors in the last 5 years.

Author %vids 
in 
test- 
set

Accuracy* Precision Recall Method 
Description

AutoML (
Touma 
et al., 2022)

11.25 96.00 81.60 77.10 CNNs, features 
not reported

MACBNet (Pan 
et al., 2026)

39.60 94.31 92.97 93.51 ConvNeXt 
features, 
Adaptive 
Temporal 
Convolution 
Network

GlobalLocal 
MS-TCN (
Fang et al., 
2022)

27.72 96.50 94.90 95.20 TS-Net to extract 
features, MS-TCN 
for prediction

GLSFormer (
Shah et al., 
2023)

39.60 92.91 90.04 89.45 ResNet features, 
gated temporal, 
shared spatial 
transformer 
encoder

SlowFast TMN 
(Zhang 
et al., 2024)

49.50 93.82 91.72 91.46 ResNet50 
features, Slow- 
fast AS-Former

MS-TCN++, 
2025 (
Mueller 
et al., 2025)

14.85 91.30 97.80 91.20 I3D features, MS- 
TCN++ CNN- 
based model

BA-FACT with 
VideoMAE 
(ours)

14.85 97.61 98.42 97.97 ​

​ 49.50 93.36 95.27 93.32 VideoMAE 
features, 
boundary-aware 
FACT 
transformer

BA-FACT with 
DINOv3-L 
(ours)

49.50 92.12 94.60 92.10 DINOv3-L 
features, 
boundary-aware 
FACT 
transformer

The results reported for MS-TCN++ in 2025 were done by our group as an initial 
approach to establish a baseline for SICS phase recognition. %vids in test- 
set = Percentage of videos in the test set as reported by the author. *Frame-based 
accuracy-score.
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(Siméoni et al., 2025). DINOv3 encodes spatial information in such 
detail that it compensates for the missing temporal information in our 
SICS use case. It is interesting to observe that both frame features 
(DINOv3) and video features with a temporal component (VideoMAE) 
can achieve good results on our dataset. This indicates that our various 
temporal network architectures can adapt well to missing, or additional, 
temporal information encoded in the input features. Overall, VideoMAE 
and DINOv3-L features produced very similar metrics in many of our 
experiments, while VideoMAE has substantially lower computational 
effort. We therefore recommend VideoMAE features for the final 
configuration, while noting that our experiments indicate that features 
and temporal architecture must be selected jointly rather than 
independently.

Further, our experiments showed that specialized transformer net
works such as FACT outperform CNN-based approaches such as MS- 
TCN++ by a wide margin. This follows general trends in the computer 
vision community seen in recent years (Rückert et al., 2025).

However, this difference becomes less clear when examining the 
older ASFormer architecture, which cannot clearly outperform the 
temporal convolutional network. The underwhelming results in the 
SICS-155 dataset stand in contrast to improvements on other video 
datasets reported in the literature. We attribute a small part of this to 
configuration: adopting the hyperparameters of Ahmadi (2026), two 
decoders and 11 layers per block, yielded results more competitive with 
MS-TCN++ (ASFormer 78.66% accuracy / 80.47% edit-score; 
MS-TCN++ 76.59% / 68.77%), whereas replicating Zhang (2024)
gave no meaningful gain (Ahmadi et al., 2026; Zhang et al., 2024). This 
does not fully account for the gap. As a sanity check, ASFormer trained 
on Cataract-101 performed substantially better (90.67% accuracy, 
88.37% edit-score), suggesting that the higher complexity of SICS-155 
(19 phases versus 10, and longer videos) is more difficult for this ar
chitecture. We also note that MS-TCN++ trains faster (around 3 versus 
20 hours) and has lower inference cost.

We believe that the favorable performance of FACT is caused by 
multiple properties. Action tokens make it possible to encode long 
temporal dependencies better and with more stability, which is espe
cially important in surgical videos where strong standardization leads to 
a consistent order of phases, e.g., wound suturing always happens at the 
end of a surgery. Lu et al. proved this property in their paper by showing 
that performance is more stable on longer videos compared to other 
architectures (Lu and Elhamifar, 2024). Additionally, the combination 
of a frame branch and the action branch brings together the best prop
erties of CNN networks with strong local connectivity and transformer 
networks that enable the learning of complex relationships between 
tokens and features.

The confidence filtering approach was an important component of 
the winning submission but proved ineffective in combination with 
FACT: For MS-TCN++, the filter affected 4.16% of frames across 
72.87% of phases, removing 47 phase segments in total on the validation 
set. For Ba-FACT, the corresponding figures were 0.58% of frames across 
13.90% of phases, with only 2 segments removed. Consequently, 
filtering had almost no effect on validation metrics. This corresponds to 
the observation that the oversegmentation that the confidence filter was 
designed to suppress arises much less frequently in boundary-aware 
FACT (2.46 oversegmented phases per video compared to 4.4 with 
MS-TCN++).

Finally, our ablation isolates the contribution of the boundary-aware 
modification. With i3d features, boundary-aware FACT improved the 
edit-score by 0.09 points (84.14 to 84.23%) over the original FACT 
baseline. Also, frame-wise accuracy only showed minimal improve
ments (+0.96, 80.28 vs. 81.24) with clearly overlapping confidence 
intervals. With VideoMAE features the performance increase through 
the boundary-aware modification become more visible with an edit- 
score of 85.22% vs. 87.59%. Given the very low computational cost of 
this component, we include it in our final pipeline despite these some
what limited gains.

Our extensive experiments revealed that input features, model ar
chitecture, and post-processing cannot be analyzed as independent 
components of a pipeline. This is clearly visible when observing the 
overlapping confidence intervals for most comparisons in Tables 2, Ta
bles 3 and 4. The findings discussed should be interpreted as consistent 
trends rather than statistically established differences.

As expected, features that encode temporal context can compensate 
for shortcomings in temporal modeling. The winning entry by the 
MIPLab team demonstrated that relatively basic architectures, such as 
MS-TCN++, can achieve competitive accuracy when combined with 
modern features, such as VideoMAE, and effective post-processing. In 
general, selecting the correct features seems to impact performance as 
much as selecting the deep learning architecture (see Tables 2 and 3). 
We expect these insights to generalize to other surgical datasets beyond 
ophthalmology (e.g., Cholec80).

Looking ahead, the deployment of automated video analysis in 
clinical practice requires sufficient prediction quality and computational 
efficiency. In this regard, CNN-based approaches have an advantage 
over more powerful transformer-based architectures. However, the 
main computational bottleneck in our current pipeline is the feature 
extraction step, which accounts for more than 95% of computing time. 
But even ignoring the time needed for feature extraction, the 1 to 2 
seconds necessary for model inference of our fastest architectures (see 
Table 3) must be optimized for online video analysis.

An important aspect for real-time applications that has not yet been 
considered in our current work is causality: all presented architectures 
ingest the entire video and therefore also account for information from 
future frames to predict the phase at a given point in time, which will not 
be possible in a system for real-time guidance. This limitation should be 
taken into consideration for modeling and during the training process, 
for example through the use of temporal masking as it is often done in 
language models (Boels et al., 2025). In future publications, we would 
investigate how to improve processing speed and how to incorporate 
causality into real-time predictions.

Our results demonstrate accurate offline phase recognition in SICS 
videos, which may be useful for workflow analysis, assisted quality 
control in high-volume surgical settings, and training support. Our work 
may lay the foundation for possible future intraoperative real-time 
guidance, complication detection, and autonomous surgical quality 
assessment. In addition, because recordings with complications 
requiring additional phases (e.g. vitrectomy) were excluded, the model 
has primarily been evaluated on routine SICS workflows rather than the 
full spectrum of complex cases.

7. Conclusions

Manual small-incision cataract surgery (SICS) is the predominant 
type of cataract surgery in the Global South, yet it has received minimal 
attention from the medical image analysis community. To address this, 
we published the novel SICS-155 dataset, which consists of video re
cordings of 155 SICS surgeries. We also organized an associated surgical 
phase recognition challenge as part of the MICCAI 2025 conference in 
Daejeon, South Korea.

The results of the challenge substantially improved on our recently 
published baseline (Mueller et al., 2025). Modern pre-trained feature 
extractors, such as VideoMAE and DINOv3, outperform older features, 
like inflated 3D features, as well as custom extractors, such as the 
Odd-K-Out approach. Furthermore, transformer architectures signifi
cantly outperformed CNN-based approaches. Follow-up experiments 
established a boundary-aware FACT architecture with VideoMAE fea
tures as a state-of-the-art approach for phase recognition in SICS and 
phacoemulsification. This achieved an accuracy of 87.98% [95%-CI: 
±2.06], an edit score of 90.80% [±1.47], and a mean segmental 
F1-score of 89.56% [±1.92] on the challenge dataset and competitive 
results on the Cataract-101 phacoemulsification public dataset that 
however depend on the exact data split, indicating that 
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transformer-based methods benefit from larger training sets.
Our top-performing model narrows the gap toward our established 

performance ceiling - the initial inter-rater agreement (accuracy 
98.41%; edit-score 97.64%, F1-score 96.54%). These findings suggest 
that the model effectively addresses the primary challenges of SICS.

We plan to utilize these insights to facilitate the development of 
clinical training software for ophthalmologists in low- and middle- 
income countries. Furthermore, we hope that our dataset will 
encourage more research on SICS analysis within the broader scientific 
community. We are considering organizing follow-up challenges in the 
future that could include surgical quality assessment or complication 
detection.
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Lyons, J.C., Hosie, O., Ayobi, N., Arbeláez, P., Li, Y., Khalil, Y.A., Nasirihaghighi, S., 
Speidel, S., Rückert, D., Feussner, H., Wilhelm, D., Palm, C., 2025. Comparative 
validation of surgical phase recognition, instrument keypoint estimation, and 
instrument instance segmentation in endoscopy: Results of the PhaKIR 2024 
challenge. Med. Image Anal. https://doi.org/10.1016/j.media.2026.103945.

Sachdeva, B., Akash, N., Ashraf, T., Mueller, S., Schultz, T., Wintergerst, M.W.M., 
Jain, M., Singri, N., Kaushik, M., 2025. Phase-Informed Tool Segmentation for 
Manual Small-Incision Cataract Surgery, MICCAI 2025. Springer Nature Switzerland, 
South Korea, pp. 446–455. https://doi.org/10.1007/978-3-032-05114-1_43.

Sarker, I.H., 2021. Deep learning: a comprehensive overview on techniques, taxonomy, 
applications and research directions. SN. Comput. Sci. 2, 420. https://doi.org/ 
10.1007/s42979-021-00815-1.

Schoeffmann, K., Taschwer, M., Sarny, S., Münzer, B., Primus, M.J., Putzgruber, D., 
2018. Cataract-101: video dataset of 101 cataract surgeries. In: Proceedings of the 
9th ACM Multimedia Systems Conference. ACM, Amsterdam, Netherlands, 
pp. 421–425. https://doi.org/10.1145/3204949.3208137.

Shah, N.A., Sikder, S., Vedula, S.S., Patel, V.M., 2023. GLSFormer: gated - long, short 
sequence transformer for step recognition in surgical videos. In: Greenspan, H., 
Madabhushi, A., Mousavi, P., Salcudean, S., Duncan, J., Syeda-Mahmood, T., 
Taylor, R. (Eds.), Medical Image Computing and Computer Assisted Intervention – 
MICCAI 2023. Springer Nature Switzerland, Cham, pp. 386–396. https://doi.org/ 
10.1007/978-3-031-43996-4_37.
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