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Abstract. Surgical scene perception via videos is critical for advancing
robotic surgery, telesurgery, and Al-assisted surgery, particularly in oph-
thalmology. However, the scarcity of diverse and richly annotated video
datasets has hindered the development of intelligent systems for surgi-
cal workflow analysis. Existing datasets face challenges such as small
scale, lack of diversity in surgery and phase categories, and absence
of time-localized annotations. These limitations impede action under-
standing and model generalization validation in complex and diverse
real-world surgical scenarios. To address this gap, we introduce Oph-
Net, a large-scale, expert-annotated video benchmark for ophthalmic
surgical workflow understanding. OphNet features: 1) A diverse collec-
tion of 2,278 surgical videos spanning 66 types of cataract, glaucoma,
and corneal surgeries, with detailed annotations for 102 unique sur-
gical phases and 150 fine-grained operations. 2) Sequential and hier-
archical annotations for each surgery, phase, and operation, enabling
comprehensive understanding and improved interpretability. 3) Time-
localized annotations, facilitating temporal localization and prediction
tasks within surgical workflows. With approximately 285 hours of sur-
gical videos, OphNet is about 20 times larger than the largest existing
surgical workflow analysis benchmark. Code and dataset are available
at: https://minghu0830.github.io/OphNet-benchmark /.

Keywords: Surgical Workflow Understanding - Ophthalmic Surgery -
Medical Image Analysis - Video Benchmark

1 Introduction

As surgical robot platforms such as the da Vinci® surgical system become in-
creasingly sophisticated, there is growing interest in integrating enhanced intelli-
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gence into scenarios like minimally invasive surgery [20432l/68]. The advancements
in machine vision perception empower these robotic systems to autonomously
recognize and adapt to the intricacies of surgical environments, without rely-
ing on binary instrument usage signals, RFID tags, sensor data from tracking
devices, or other signal information that necessitates laborious manual anno-
tations or additional equipment installations |28]. This autonomy includes the
capacity to identify anatomical structures, detect anomalies, and adjust surgi-
cal plans in real-time, which is crucial in dynamic and unpredictable surgical
settings. In recent years, especially in endoscopy and ophthalmic surgery, the
application of deep learning has demonstrated considerable promise in bolster-
ing these autonomous capabilities. This encompasses the analysis of surgical
workflows [6},28,|74], segmentation of instruments and anatomy [4}24, 43|, and
depth estimation |78|, among others.

Automatic video surgical workflow understanding is a fundamental yet chal-
lenging problem for developing computer-assisted and robotic-assisted surgery,
which can be divided into internal (e.g., laparoscopic and endoscopic [281/47,/57])
and external (e.g., operating room and nursing procedure [41]) analysis. In ad-
dition to promoting the development of intelligent surgery, it also greatly bene-
fits surgical documentation, education, and training [11,12}/65]. Baret et al. [6]
showed networks, like Inflated 3D ConvNet (I3D) [10] that utilize spatiotem-
poral convolutions, require a relatively extensive dataset for effective training.
In their study, the model achieves an accuracy exceeding 80% when trained
on 100 videos, with a progressive improvement as the sample size surpasses
700. However, the highly efficient and rapidly evolving deep learning technolo-
gies for surgical workflow analysis are currently limited by the following short-
comings in current video benchmarks: 1) Small-scale: the majority of video
datasets contain no more than 100 videos. For example, the CATARACTS [23]
and CatRelDet [23] datasets contain only 50 and 21 surgical videos, respec-
tively. These datasets are relatively small, insufficient for large-scale validation.
2) Limited categories of surgeries and phases: almost all ophthalmic sur-
gical video datasets only include cataract surgery and do not further classify
specific types of surgeries. Additionally, the number of phase categories is also
limited, like CatRelDet 23] only contains 4 different phase labels, which is insuf-
ficient to meet the requirements for evaluation in real clinical environments. 3)
Coarse-grained annotation: due to annotation costs, existing benchmarks of-
ten have coarse-grained action definitions. For example, adhesive injection may
occur in two different phases: main incision and capsulorhexis, so it may be
classified into different phase categories. Coarse-grained action definitions may
lead to annotation bias. 4) Single time-boundary annotation: they only an-
notate designated phases in the videos, ignoring the continuity across different
stages of ophthalmic surgery, as well as the hierarchical relationship between
surgery, phase, and operation. Simpler datasets, such as LensID [22], are limited
to binary classification tasks distinguishing lens implantation from other irrele-
vant phases. 5) Uniform domain: the videos are meticulously collected, and
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Table 1: The statistics comparison among existing workflow analysis datasets and
our OphNet. Compared to other datasets, OphNet focuses on more comprehensive
coverage of various surgery, phase and operation categories, collects a large number
of videos, totaling 284.8 hours, and also enables a variety of recognition, localization
and prediction tasks. OphNet demonstrates considerable competitiveness in both its
scale and the richness of its labels. For instance, Cholec120 , Cholec80 , m2cai-
workflow and LapChole form one series, whereas CholecT50 , CholecT45 ,
and CholecT40 comprise another series. We have excluded the following scenarios
from our comparison: (1) non-open-source datasets such as Bypass170 , ESD ,
Yu’s [74], etc.; (2) a superset of multiple open-source or non-open-source datasets,
like Cholec207 @, etc.; (3) datasets employed for lesion, anatomy, and instrument
classification and segmentation, such as SUN-SEG , CVC-ClinicDB , ROBUST-
MIS , Mesejo’s , Cata7 , etc., anomaly detection such as PolypDiag (from
Hyper-Kvasir ||§| and LDPolypVideo ), Kvasir-Capsule , etc., and other datasets
not dedicated to workflow analysis. It’s worth mentioning that even in comparison
with the above datasets, OphNet demonstrates considerable competitiveness in both its
scale and the richness of its labels. EndoésLap denotes the endoscopic and laparoscopic
protocol, OphScope denotes the ophthalmic microscope protocol. We choose the latest
version for comparison in cases where datasets have multiple supplementary updates.

while this ensures video quality, the uniform style is not conducive to testing the
model’s domain generalization ability.

While some works have explored semi-supervised and self-supervised learning
strategies to alleviate the cost of annotations or use only a small
fraction of available labels, these approaches still lack competitiveness in per-
formance compared to fully supervised learning. This deficiency in performance
is impeding the widespread clinical application of these strategies. To address
the shortage of sufficient labeled datasets, we construct OphNet, a large-scale
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and expert-level video benchmark with high diversity, for ophthalmic surgical
workflow understanding. The main advantages of OphNet are as follows:

e Largest scale and diversity: to the best of our knowledge, OphNet is cur-
rently the largest and most richly labeled dataset for surgical workflow anal-
ysis. It contains a number of videos 20 times greater than the current largest
benchmark in ophthalmic surgery and far exceeds datasets in more estab-
lished fields such as endoscopy. Additionally, OphNet includes the greatest
variety of different types of surgeries, encompassing 66 different surgeries such
as cataract, glaucoma, and corneal surgeries, along with 102 unique surgical
phases and 150 distinct operations. This diversity significantly surpasses that
of previous research.

e Fine-grained, sequential and hierarchical annotation: we have meticu-
lously selected a subset of videos for annotation localization, with each video
being annotated for an average of 22 operations. Additionally, we provide
exquisite annotations at the levels of surgery, phase, and operation, catering
to the requirements for training specific challenge models. This annotation
design aims to offer a multifaceted understanding of surgical protocols, ac-
commodate the nuances of each distinct surgery, and enhance the usability
and interpretability of our dataset.

o Expert-level manual annotation: the annotation work for OphNet was
completed by ten experienced ophthalmologists and five individuals with oph-
thalmic experience, encompassing, but not limited to, standardization of def-
initions for surgery, phase, and operation labels, video filtering, classifica-
tion and localization annotations, and secondary verification, among others.
Expert-level annotators ensure the quality and professionalism of OphNet.

2 Related Work

Surgical Workflow Understanding. Beyond its therapeutic advantages, min-
imally invasive surgery also provides the capability for operative video recording.
These videos can be stored and later utilized for various purposes such as cogni-
tive training, skill assessment, and surgical workflow analysis [76}/77]. Techniques
derived from the broader field of video content analysis and representation are
increasingly being incorporated into the surgical realm [6,/36,74]. A typical sur-
gical workflow can be defined by a sequence of tasks or events, including pa-
tient positioning, incision, dissection, and suturing. These events are influenced
not only by the specific type of surgery but also by the individual surgeon’s
proficiency and technique. Consequently, a comprehensive understanding of the
surgical workflow necessitates a thorough examination of the temporal, spatial,
and contextual facets of these tasks.

Weakly-Supervised Video Learning. Substantial pioneering work has been
undertaken in the realms of video understanding [5}/16,33,/53,(69.(71}72,/79]. Since
even a small amount of videos easily comprises several million frames, methods
that do not rely on a frame-level annotation are of special importance. Weakly-
supervised video learning makes use of loosely labeled data to train models,
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thereby obviating the necessity for exhaustively annotated training data. These
weak labels might manifest in a variety of forms, including video-level labels or
partial labels, which are less specific than frame-level or pixel-level annotations.
The objective of weakly-supervised learning is to utilize these coarse labels to
produce models capable of delivering fine-grained predictions, such as temporally
precise action localization or detailed semantic segmentation [15}[35]. The large-
scale annotation of surgical videos demands a significant investment of invaluable
medical time resources. In this context, weakly supervised learning emerges as
a viable solution to this bottleneck.

3 Dataset Construction

In this section, we detail the construction of our dataset, which involved metic-
ulous data collection and preprocessing. YouTube was leveraged as a primary
source to circumvent privacy issues while ensuring a broad representation of
ophthalmic surgeries. Our selection criteria aimed to capture a wide range of
video qualities and styles, specifically targeting cataract, glaucoma, and corneal
surgeries due to their prevalence in clinical settings. We refined the dataset by ex-
cluding videos of inadequate quality or those depicting non-human subjects. The
annotation process was designed to reflect the complex nature of eye surgeries,
incorporating hierarchical classification to account for multiple conditions often
treated within a single procedure. This was complemented by detailed localiza-
tion annotations, delineating the distinct phases and techniques characteristic of
ophthalmic operations, all undertaken by a dedicated team of ophthalmologists
to ensure accuracy and relevance.

3.1 Data Collection & Preprocessing

Collection. Medical data exhibit unique privacy considerations and tend to
be of smaller data volumes, characteristics that are particularly salient in the
case of video data. By capitalizing on the wealth of surgical videos available on
YouTube, we are able to obviate potential ethical and privacy concerns while
concurrently enabling the rapid procurement of a substantial corpus of videos
for further screening [1,/2,/17,/29]. To fulfill this objective, we deploy text-based
search algorithms to probe each surgery on YouTube, obtaining videos with titles
that incorporate the requisite surgical keywords. We select cataract, glaucoma,
and corneal surgery—three of the most commonly performed ophthalmic surg-
eries in actual clinical environments—as the central subjects of our research.
To expand our video collection, we bolster our search queries by integrating
synonyms and abbreviations associated with each type of ophthalmic surgery.
For instance, cataract surgery encompasses various types: Phacoemulsification
(abbr. PHACO), Intraocular Lens implantation (abbr. IOL), and FExtracapsular
Cataract Extraction (abbr. ECCE), etc.

Preprocessing. Given the nature of text-based retrieval and the varying qual-
ity, style, and filming methods of surgical videos influenced by different YouTube
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Fig. 1: The figure shows two combined surgical videos, PHACO + IOL implantation
and PHACO + Trabeculotomy + Transscleral Cyclophotocoagulation + IOL implanta-
tion. For each frame marked in color, we provide time-boundary annotations at surgical,
phase and operation levels.

sources, some videos may exhibit poor quality or deviations in surgical represen-
tation. We filter out low-resolution videos, black-and-white color schemes, and
animated demonstrations. Furthermore, surgical videos featuring non-human
eyes, such as pig eyes, rabbit eyes, or pseudo-human eyes, are also outside the
scope of our annotation. The data preprocessing was jointly completed by five
professionals with experience in ophthalmology for initial screening, followed by
a review conducted by six attending ophthalmologists.

3.2 Data Annotation

Classification Annotation. Different from the single-label classification in
most natural video datasets , in ophthalmic surgery, physi-
cians typically consider and implement multiple types of surgeries and phases
based on the specific conditions and needs of the patient. This multifaceted
approach stems from the complexity of the eye as an organ, where numerous
diseases often coexist. Consequently, multiple ocular problems may need to be
addressed in a single surgery. As shown in Fig. [I} a patient with cataracts may
also have glaucoma, necessitating the simultaneous treatment of both conditions
within one surgery. Hence, we initially classified all videos based on the primary
surgical categories into three principal groups: cataract, glaucoma, and corneal
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Fig. 2: OphNet’s composition, comparison with other datasets for the same task, and
some phase examples: (a) an overview of the composition ratios at the levels of surgery,
phase, and operation; (b) comparison among existing open-source O laparoscopic &
endoscopic, and © ophthalmic microscope workflow analysis video datasets and O our
OphNet. OphNet stands as the largest real-world video dataset for ophthalmic surgical
workflow understanding, featuring the highest number of videos, longest duration, and
diverse categories of surgeries and phases; (c) eight phase examples in OphNet.

surgeries. Subsequently, these were further allocated for the detailed annotation
of primary and secondary surgery. It is important to note that there exists only
a single type of primary surgery, whereas multiple secondary surgery may be
present. The categorization and annotation were meticulously completed by a
team comprised of 8 experienced ophthalmologists.

Hierarchical Localization Annotation. A single surgery is often multi-
faceted, involving a series of intricate phases, each requiring distinct techniques
and instruments, and the transition between surgeries entails high precision and
coordination. Routine cataract surgery involves several steps. It begins with the
administration of anesthesia, followed by a small incision in the cornea. The
surgeon then creates an opening in the lens capsule and uses ultrasonic vibra-
tions to break up and remove the cataract. Afterward, an artificial intraocular
lens (IOL) is inserted into the lens capsule, and the incision is sealed without
stitches. We define the phases and operation for various surgeries based on the
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Fig. 3: We present the data statistics of trimmed videos at the levels of phase and op-
eration, including the number of trimmed videos, average duration, and total duration.
The IDs and corresponding names can be found in the appendix.

textbook Ophthalmic Surgery: Principles and Practice . To ensure the qual-
ity of localization annotations, we assign each annotator videos of 2 different
types of primary surgeries. For each action time-boundary annotation, we an-
notate at three different levels of granularity: surgery, phase, and operation. We
also employed the complete linkage algorithm to cluster and merge various
temporal boundaries into stable boundaries that received multiple agreements.
It’s worth noting that an individual video may have multiple separate instances
of the same or different phases, thereby leading to multiple boundary definitions.
A team of 15 ophthalmologists completes the localization annotation.

3.3 Dataset Statistics and Analysis

OphNet includes 2,278 surgical videos (284.8 hours), demonstrating 66 different
types of ophthalmic surgeries: 13 types of cataract surgery, 14 types of glaucoma
surgery, and 39 types of corneal surgery. There are 102 phases and 150 opera-
tions for recognition, detection and prediction tasks, summarized in Tab.[I} Over
77% of videos have high-definition resolutions of 1280 x 720 pixels or higher. To
facilitate algorithm development and evaluation, we selected 523 videos for local-
ization annotations. Additionally, we trim videos according to annotated action
boundaries, resulting in 7,320 phase instances and 9,795 operation instances, to-
taling 51.2 hours. The average duration of trimmed videos is 32 seconds, while
untrimmed videos average 337 seconds.

4 Experiments

In our study, we explore four potential tasks using the OphNet dataset: 1) pri-
mary surgery presence recognition, 2) phase and operation recognition, 3) phase
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localization, and 4) phase anticipation. To establish robust baselines, we employ
state-of-the-art models known for their effectiveness in human action recogni-
tion, detection and anticipation. For each task, we provide a detailed problem
formulation and evaluate the baseline models’ performance. Our findings offer
valuable insights into video understanding within sequences and fine granularity,
contributing to the field’s knowledge of video tasks in medical contexts.

4.1 Surgery Presence, Phase and Operation Recognition

Task Description. Surgery presence recognition focuses on identifying vari-
ous surgical types in untrimmed videos through weakly supervised methods.
This requires the model to discern and capture distinct surgical action features
within extensive video footage. In OphNet, all types of surgeries occurring in
each video are annotated, but only a subset of the videos have time-boundary
annotations, as detailed in Sec. [3:2] We identify the primary surgery based on
the key objectives and durations of the surgeries. To streamline the process, our
experiments are limited to recognizing the presence of these primary surgeries.
Additionally, phase recognition segments the surgery into distinct phases using
visual cues and movements, such as incision, lens removal, and implantation.
Operation recognition involves identifying finer-grained surgical actions.
Baselins. We compare the per-

formance of I3D [10|, Slow-

Fast I19|7 X3D I18|, and MVIT Primary Surgery Classification

V2 I31| models on this task. Basciines Cataract  Glaucoma Cornea Al
These mOdelS are evaluated in Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
. .. 13D [10] 38.0 86.3 43.6 71.7 42.7 78.2 20.8 53.2
two versions: 1) I‘andom 1mi- SlowFast [19] 45.3 82.1 44.6 72.3 45.5 77.3 27.2 54.4
Lo . L. X3D [31] 42.1 87.4 44.6 74.2 43.8 76.6 28.5 62.7
tialization tralnlng and 2) pre- MViT V2 (18] 43.2 84.2 455 81.8 455 759 29.1 60.1
sos : : : 13D [10] 36.8 84.7 48.2 81.8 48.6 76.5 27.2 50.6
training with weights from Ki- g% 2. 1900 837 47 s0.9 402 756 272 50.6
. . . X3D* 47.4 86.3 46.4 81.5 48.3 78.2 354 61.4
netics 400 I29|, which is a hu- it ve 44.2 85.3 49.1 81.8 47.7 77.3 285 63.3
man action recognition dataset. x-cripig [a2] 58.5 94.7 51.8 92.8 61.4 88.6 40.5 79.0
. X-CLIP3g 60.6 92.6 53.5 83.7 56.8 84.1 58.9 81.0
In addition. we also explored ViFi-CLIP ¢ [49] 59.6 88.3 52.4 80.2 61.4 81.8 589 79.8
’ ViFi-CLIP3y 59.6 88.3 51.5 84.8 50.0 75.0 56.3 77.2

the classification performance
of X-CLIP [42] and ViFi- Table 2: Per-class Top-1 and Top-5 accuracy (%)
CLIP [49], two CLIP [48]-based for the primary surgery presence recognition on
models. We also compared the untrimmed videos. The best performance for each
effects of different numbers of split has been highlighted in bold.

input frames on the models’

performance, where the sub-

script _ 16 represents an input of 16 frames, and _ 32 represents an input of
32 frames.

Setup. The dataset was randomly partitioned to ensure a balanced represen-
tation of examples for each surgery category. Specifically, we allocated 70% of
the data for training (1,449 surgical videos), 10% for validation (205 surgical
videos), and 20% for testing (424 surgical videos). For the phase and operation
recognition experiments, we followed the same settings, with 70% of the data
used for training (5,024 phase segments, 6,856 operations segments), 10% for
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validation (730 phase segments, 975 operations segments), and 20% for testing
(1,566 phase segments, 1,964 operations segments). The input for the surgery
presence recognition experiment is untrimmed videos, while for the phase and
operation recognition experiments, the input consists of trimmed segments. In
all classification experiments, we set up the analysis and comparison from four
perspectives: cataract surgery, glaucoma surgery, corneal surgery, and all surgical
videos.

Results. We summarize the results in Tab. 2] and Tab. [3] In primary surgery
classification, X-CLIP [|42] achieved the highest overall Top-1 accuracy at 58.9%,
leading in cataract and glaucoma surgeries with accuracies of 60.6% and 53.5%
respectively. For corneal surgeries, X-CLIP also recorded the highest Top-1 and
Top-5 accuracies of 61.4% and 88.6%. In phase classification, ViFi-CLIP [49] led
with the highest Top-1 accuracy, particularly in cataract surgeries at 75.9%, and
exhibited the best performance in both glaucoma and corneal surgeries. Further-
more, in operation classification, ViFi-CLIP outperformed all other models in all
categories, especially noted in cataract and corneal surgeries with Top-1 accura-
cies of 75.1% and 83.7% and Top-5 accuracies of 93.8% and 85.2% respectively.
Overall, ViFi-CLIP showed superior performance in both phase and operation
classifications across various surgery types. Besides, in the phase and operation
classification experiments, a higher number of input frames generally had a pos-
itive effect on the model. In Fig. [ we present the heatmap visualization of four
examples from the test set of phase recognition experiments using the ViFi-CLIP
model. It can be observed that in a series of frame images, the model focuses on
surgical instruments and the operated eye area, which is consistent with human
experience. The instruments used in the same phase of ophthalmic surgery are
often similar.

4.2 Phase Localization

Task Description. Phase localization in ophthalmic surgical workflow analysis
refers to the task of pinpointing the exact moments or time intervals within a
surgical video where specific phases of the surgery begin and end. This involves
the detailed temporal segmentation of the entire surgical procedure into its con-
stituent phases based on visual cues, surgeon’s actions, and the progression of
the surgery. The objective of phase localization is to accurately identify the start
and end times of different surgical stages, such as pre-operative preparation, in-
cision, and removal of the lens facilitating a granular and precise understanding
of the surgery timeline. This task is crucial for detailed surgical documentation,
efficient surgical training, and the development of targeted interventions dur-
ing specific stages of the surgery, enhancing overall surgical management and
post-operative analysis.

Baselines. We conducted the experiments using phase-level labels and used two
baseline models, ActionFormer [79] and TriDet [56], with backbone networks
configured as CSN [64], SwinViviT [34], and SlowFast [19]. Data split follows the
setup of the primary surgery classification experiment.
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Phase Classification Operation Classification

. Cataract Glaucoma Cornea All Cataract Glaucoma Cornea All
Baselines

Top-1Top-5Top-1Top-5Top-1Top-5Top-1Top-5Top-1Top-5Top-1Top-5Top-1Top-5Top-1Top-5

I3D 27.2 55.7 24.1 57.5 18.9 52.1 25.7 58.2 26.8 54.9 23.5 56.0 18.0 51.2 25.0 57.1
SlowFast 26.5 56.5 23.1 56.5 24.2 49.1 26.7 60.1 25.8 55.2 22.9 45.9 23.5 48.5 26.0 59.0
X3D 27.0 58.3 21.0 55.5 21.8 28.5 26.6 62.3 26.4 47.2 20.5 44.6 21.3 27.8 26.1 61.5
MVIiT V 26.2 54.9 21.0 53.4 26.0 46.8 27.0 59.8 25.9 43.8 20.5 42.7 25.5 45.9 26.5 58.9
I3D* 29.5 68.9 22.1 58.6 26.0 50.9 30.2 71.2 28.8 67.5 21.8 47.9 25.7 50.3 29.5 60.0
SlowFast™* 30.6 72.3 25.2 54.7 30.7 59.8 31.7 61.8 29.9 71.1 24.8 43.9 29.5 58.7 30.5 60.9
X3D* 27.2 72,9 22.1 59.6 30.7 61.5 33.5 63.2 26.5 71.8 21.7 48.8 29.9 60.2 32.8 62.1
MViT V2* 34.2 76.5 23.3 52.0 38.4 65.1 28.3 60.2 33.5 75.2 22.8 41.5 37.9 64.0 27.8 59.5
X-CLIPjg 68.3 92.2 47.3 89.8 53.0 77.4 63.4 85.3 67.5 91.0 46.5 78.9 82.2 76.1 62.5 84.0
X-CLIP39 69.1 94.0 48.7 81.7 54.8 80.4 62.7 85.8 68.0 93.0 47.9 80.5 84.0 79.5 62.0 84.7
ViFi-CLIPg 75.9 93.7 40.4 85.4 66.6 81.6 66.1 88.4 74.5 92.5 42.8 74.5 85.0 80.5 65.0 87.5
ViFi-CLIP3o 73.0 92.9 49.6 82.7 57.7 81.6 68.4 87.2 75.1 93.8 43.2 80.2 83.7 85.2 64.8 86.5

Table 3: Per-class Top-1 and Top-5 accuracy (%) for the primary surgery presence
recognition on untrimmed videos and phase recognition on trimmed videos. * denotes
the initialization from the model pre-trained on Kinetics 400 . For the two CLIP
models, we chose ViT-B/16 as the backbone and compared the performance of two
different input frame numbers, 16 and 32. The best performance for each split has
been highlighted in bold.

mAP (%) Top-1 Acc. (%)
Baselines Backbones Baselines
0.1 0.3 0.5 0.7 Avg. 0.1 0.3 0.5 0.7 Avg.
CSN 53.7 50.1 40.6 24.5 42.5 13D 26.5 42.2 49.8 51.3 47.3
ActionFormer [79]SwinViviT [34] 59.3 54.7 43.3 26.3 46.4 SlowFast [19] 25.4 42.6 48.9 52.2 47.2
SlowFast 60.0 55.9 45.1 26.0 47.5 MViT V2 |18] 25.6 43.7 49.3 52.3 47.5
CSN 56.1 53.0 43.1 29.4 46.2 13D* 27.3 43.5 50.1 51.4 47.6
TriDet SwinViviT 61.057.147.133.150.4 SlowFast* 27.5 43.2 49.9 52.3 47.8
SlowFast 61.356.0 45.6 30.4 48.6 MVIiT V2*  27.843.850.551.748.2

Table 4: The results for phase detection. Action- Table 5: The results for phase
Former and TriDet are state-of-the-art models for anticipation. We report top-1 ac-
human action detection tasks, and we use three dif- curacy at the observation ratios
ferent backbones for feature extraction and report [0.1:0.2:0.9]. Average top-1 accu-
mAP at the IoU thresholds of [0.1:0.2:0.9]. Aver- racy is computed by averaging
age mAP is computed by averaging different IoU different observation ratios. The
thresholds. The best performance for each split has best performance for each split
been highlighted in bold. has been highlighted in bold.

Setup. We excluded Operation Gap and Invalid, and filtered out tags with
fewer than 20 segments. We used two baseline models, ActionFormer and
TriDet , with backbone networks configured as CSN , SwinViviT ,
and SlowFast . To extract features from the videos, we first extracted RGB
frames from each video at a rate of 25 frames per second. We also extracted
optical flow using the TV-L1 algorithm. We then fine-tuned an I3D
model that had been pre-trained on the ImageNet dataset, and used it to
generate features for each RGB and optical flow frame. Because each video has
a variable duration, we performed uniform interpolation to generate 100 fixed-
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Fig. 4: Attention map visualizations of ViFi-CLIP on four examples from OphNet’s
test set in the phase recognition task.

length features for each video. Finally, we concatenated the RGB and optical
flow features into a 2048-dimensional embedding, which served as the input for
our model.

Results. The experimental results for phase localization are presented in the
Tab. [@ showcasing the performance of different baseline models with various
backbones in terms of mean Average Precision (mAP) at different Intersection
over Union (IoU) thresholds [0.1:0.2:0.9]. The models evaluated include Action-
Former with SwinViviT and SlowFast backbones, and TriDet with CSN, Swin-
ViviT, and SlowFast backbones. The results indicate that the TriDet model with
a SwinViviT backbone outperforms other combinations, achieving the highest
mAP scores across most IoU thresholds, with notable scores of 61.0% (IoU=0.1),
57.1% (IoU=0.3), 47.1% (IoU=0.5), and 33.1% (IoU=0.7), resulting in an av-
erage mAP of 50.4%. This indicates that the TriDet model, especially when
combined with the SwinViviT backbone, is particularly effective for phase lo-
calization in surgical videos. On the other hand, the TriDet model with a Slow-
Fast backbone shows competitive performance, particularly achieving the highest
mAP of 61.3% at the lowest IoU threshold (0.1). However, it falls slightly behind
in performance at higher IoU thresholds compared to the SwinViviT backbone.

4.3 Phase Anticipation

Task Description. This task requires the analysis of real-time or recorded
video data to foresee the sequence of events based on current and past surgical
activities. By understanding the typical progression of ophthalmic surgeries and
recognizing patterns in the surgeon’s actions and the use of instruments, the
system aims to forecast the next phase of the surgery, allowing for proactive
preparation and response. The objective of phase anticipation is to enhance the
efficiency and safety of surgical procedures by providing the surgical team with
advanced notice of upcoming steps, enabling better resource allocation, timing
for critical tasks, and overall coordination within the operating room.
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Fig. 5: Phase localization visualization of TriDet . GT represents the ground truth
visualization for phases, while Loc. visualizes the model’s highest confidence phase
category and the time-boundary results. Blank segments denote invalid segments or
operation gaps.

Setup. Following previous approaches of the primary surgery classification ex-
periment in Sec. [f.I} We randomly mask phase sequences in the test video with
different observation ratios.

Baselines. We evaluate our datasets with the baseline models such as I3D ,
SlowFast [19], and MViT V2 [31]. For each model, we also adopted two training
approaches: random initialization training and using pre-trained weights from
Kinetics 400 .

Results. The phase detection results are illustrated in Tab. The results
demonstrate that the baseline models pretrained on Kinetics 400 generally
outperform their original counterparts in terms of Top-1 accuracy across differ-
ent observation ratios for phase anticipation. Specifically, the modified MViT
V2* model exhibits the highest improvement, achieving the best average Top-
1 accuracy of 48.2%. Moreover, while all models show increased accuracy with
higher observation ratios, indicating that more observed data contributes to bet-
ter performance, the consistent improvement across all ratios for the enhanced
models suggests effective modifications.

5 Limitations

Dataset Bias. OphNet’s videos are sourced from YouTube and exhibit diverse
styles, clarity, and screen elements. This diversity can aid detection models in
generalization but may affect their effectiveness and performance. Some videos
in the dataset include subtitles or additional video windows, such as a little
subtitle or watermark shown in Fig. 2] Similarly, additional video windows offer
another perspective but can make the scene chaotic, making it harder to recog-
nize primary surgical actions. The presence of these factors in OphNet reflects
the complexity of real-world surgical environments, because an ophthalmic mi-
croscope may inherently display different windows or show parameters during
recording. While they pose challenges, they also present opportunities for devel-
oping models that can better handle variability and unpredictability, which are
crucial aspects of real-world surgical scenarios.

Annotation Bias. OphNet is entirely annotated by ophthalmologists, there is a
distinct possibility of annotation bias reflecting specific regional practices, termi-
nologies, and interpretations. Despite the universal nature of many ophthalmic
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procedures, subtle differences in surgical techniques, procedural preferences, and
clinical terminologies could lead to inconsistencies in how surgeries are catego-
rized and described across different regions. For instance, the terminology used
to describe certain procedures might differ, with one region referring to a proce-
dure as anterior vitrectomy while another uses pars plana vitrectomy. To reduce
the possibility of biases in precise annotations, we have taken great care to es-
tablish a unified definition prior to describing the surgery, phase and operation.
However, potential biases arising from regional variations and individual surgical
practices are inevitable.

6 Conclusion

In response to the current challenges in ophthalmology, a surgical field apt for
automation and remote control, we introduce OphNet, a large-scale, diverse, and
expert-level video benchmark for understanding ophthalmic surgical workflows.
OphNet is the most extensive dataset of its kind, containing a broad range of
cataract, glaucoma, and corneal surgeries and detailed annotations for distinct
surgical phases. OphNet comprises 2,278 surgical videos (284.8 hours), 7,320
phase segments and 9,795 operation segments (51.2 hours), showcasing 66 dif-
ferent types of ophthalmic surgeries: 13 cataract, 14 glaucoma, and 39 corneal.
It is annotated with 102 phases and 150 operations. With OphNet, we explored
primary surgery presence recognition, phase localization and phase anticipation
on untrimmed videos, phase and operation recognition on trimmed videos. We
employed state-of-the-art models to establish robust baselines and provided valu-
able insights into video understanding within sequences and fine granularity. Our
work contributes to the broader understanding of surgical video tasks in med-
ical contexts and promotes the integration of deep learning technologies into
ophthalmic surgical procedures.
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