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ABSTRACT
Surgical phase recognition is an important �eld in medical
image analysis for improving surgical safety, e�ciency, and
training. Phase recognition involves predicting the di�erent
phases of a surgery using machine learning methods. This
research proposes a framework for improving phase recog-
nition using a cross-modal multi-visual cue approach. The
proposed model leverages the video frames in combination
with the extracted descriptors of tool presence, segmentation
masks, and action labels. The ablation study conducted in
this study shows the best con�guration of visual cues is im-
age data and action triplets, achieving an accuracy of 0.826
and F1 score of 0.871 on the Cholec80 dataset, compared to
0.792 and 0.844 for the baseline model. The model also outper-
forms state-of-the-art models on the HeiChole benchmark
dataset with an F1 score of 0.796 and an accuracy of 0.732.
These results demonstrate the e�ectiveness of integrating
multi-visual cues for phase recognition, o�ering a promising
direction for improving surgical work�ow analysis.

1 INTRODUCTION
Surgical phase recognition is an important area of research in the
�eld of medical image analysis and computer-assisted intervention
(CAI). It has several bene�ts that include making surgeries safer,
more e�cient, and more e�ective [56]. Phase recognition involves
using machine learning methods to predict the phases and steps
in surgical videos and can o�er real-time support and feedback for
laparoscopic surgeries. Around 15 million laparoscopic surgeries
are performed each year, so improving this procedure could have a
great potential bene�t [2].

There are various applications where the online recognition of
the phases in surgical videos o�ers important bene�ts. By recogniz-
ing and tracking the progression of surgical steps, surgical phase
recognition systems can alert the surgical team about deviations
or anomalies from the standard work�ow [21, 56, 69]. This can
potentially reduce errors and increase the patient’s safety. Recog-
nizing deviations from the standard work�ow additionally allows
standardizing surgical procedures across di�erent surgeons and
hospitals [69]. Surgical phase recognition also o�ers a structured
way to evaluate and quantify surgical performance, which is very
useful for training new surgeons [16]. It can give them a clear and
comprehensive view of the surgical process and provide instant
feedback on how they are doing [32, 33, 66]. Postoperative analysis
and feedback are two other bene�ts of surgical phase recognition.
The data gathered by phase recognition models during surgeries
can be reviewed afterwards in order to see what went well and
what could be improved, helping surgical teams to get better over

time [69]. By managing and predicting the work�ow e�ciently,
phase recognition can help shorten surgeries and better organize
OR scheduling. This can lead to more e�cient usage of operating
rooms decreasing overall healthcare costs [56].

There are several features that can be used for the representation
of surgical videos. These features can be used as the input for a
phase recognition network to improve the performance compared
to generic feature extraction methods. Tool presence is one of these
features. It involves recognizing and identifying which tools are
present in a frame and sometimes also includes segmentation of the
location of di�erent tools. Tool presence can provide valuable in-
formation on the current phase in videos, since the di�erent phases
often use distinct tools. Semantic segmentation in surgical videos is
another descriptor that can be used as input to a recognition model.
This focuses on segmenting the entire surgical �eld instead of only
the tools present in the frame. Although the surgical �eld does not
change signi�cantly during laparoscopic surgeries, the position of
the organs can be useful. Especially in surgeries such as cholecys-
tectomies or hysterectomies, in which a speci�c organ is removed,
segmentation could help the phase prediction [50]. Information on
the current actions of the surgeons can also be a valuable input fea-
ture for phase recognition. Each surgical phase usually has certain
actions that are performed within it, so recognizing these actions
can help the �nal prediction network. Action recognition is usually
performed by creating an action triplet: three words describing the
subject, verb, and object of the action.

Attention mechanisms are a popular tool in machine learning. At-
tention is designed to help models focus on the most relevant parts
of an input [58]. It was originally developed for natural language
processing tasks but has proved very e�ective in �elds like image
and video analysis as well [27]. By focusing on key features while
minimizing distractions, attention allows models to handle complex
and variable data more e�ectively. In surgical phase recognition,
attention can be especially useful. Surgical videos often include
challenges like motion blur, changes in lighting, and overlapping
actions. Attention mechanisms can help focus on the important
details while ignoring irrelevant or noisy information. This focus
can make predictions more reliable for surgical video analysis tasks.
Cross-modal attention takes this a step further by bringing together
information from di�erent sources, like tool usage or segmentation
maps.

1.1 Problem Statement
Current approaches to surgical phase recognition often use a sin-
gle modality as input. However, many potential input modalities
exist that can possibly improve the performance of phase recog-
nition networks. While single-modality approaches have shown
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good performance, they each have their limitations. Surgical videos
are complex, with challenges such as changes in lighting, cam-
era movements, and overlapping actions. Single-modality methods
sometimes fail to capture contextual information that can be use-
ful to accurately recognize surgical phases [41]. A method that
combines these di�erent types of input modalities in a structured
way could provide models with a more complete understanding
of the surgical progress. This research explores an approach that
uses multiple inputs together, aiming to improve the accuracy and
reliability of surgical phase recognition.

1.2 Research Questions
The goal of this research is to address the following research ques-
tions:

(1) For the task of automatic phase recognition in surgical
videos, what computer vision-based methods exist and
which input features do these methods use?

This question investigates existing methodologies for phase recog-
nition in surgical videos. The �rst step involves exploring the pre-
diction networks and input features used for this task.

(2) How can we leverage di�erent visual descriptors extracted
from surgical videos in a multi-visual cue framework for
surgical phase recognition?

To address this question, this research presents the pipeline of a
multi-visual cue model. The model integrates visual descriptors like
tool presence detection, segmentation maps, and action recognition.
The process involves creating multiple model con�gurations to
determine the optimal design, input features, and architectures.

(3) What e�ect does the inclusion of di�erent descriptors in
a multi-visual cue model have on the performance of au-
tomatic phase recognition in surgical videos compared to
single visual cue models and the state of the art?

Finally, to evaluate the performance of the multi-visual cue model,
the performance for each descriptor will be compared to a baseline
single visual modality model in an ablation study. By comparing it
with the baseline model, this analysis can show whether incorporat-
ing multiple input features is indeed a valuable addition to surgical
phase prediction models. The best con�guration of the multi-visual
cue model will be compared to the performance of state-of-the-art
models to show how it compares in the �eld and whether it o�ers
signi�cant improvements over existing approaches for the task of
surgical phase prediction. This model con�guration will also be
evaluated on an additional dataset to show the robustness of the
model.

1.3 Proposed Approach
To answer the research questions, this study proposes a method for
surgical phase recognition that combines multiple visual modalities,
in order to try to address the limitations of single-modality models.
The approach involves building upon an existing phase recognition
network, MTRCNet [24], and integrating tool presence, segmenta-
tion maps and action labels. The di�erent modalities are combined
using a cross-modal attention mechanism. This mechanism allows
the model to connect relevant information from di�erent sources,
focusing on key details while ignoring irrelevant parts of the input.

For example, segmentation maps can provide information about
organ positions, while tool presence and action labels add con-
text about the current surgical tasks. Together, these modalities
form a comprehensive representation of the surgical work�ow. The
proposed model is evaluated on the Cholec80 dataset, comparing
its performance against existing single-modality methods. This
comparison aims to show whether combining multiple visual cues
improves phase recognition accuracy and robustness. The ablation
study is conducted to analyze the contributions of each modality
to the overall performance of the model.

The main contributions of this research include:

(1) Design of a cross-modal attention-based framework for sur-
gical phase recognition that integrates multiple visual cues,
including tool presence, segmentation maps, and action
triplets.

(2) Ablation study showing the impact of combining di�erent
input modalities on phase recognition performance, includ-
ing an ablation study to analyze the contribution of each
individual modality.

1.4 Thesis Outline
This report starts by exploring the scienti�c background in Section
2. This includes the medical background, the relevant terminologies
and an overview of available datasets. Section 2.4 discusses the
existing methods for surgical phase recognition and a comparison
of their results. The methodology for the proposed approach and the
extraction of each input modality is outlined in Section 3. Section 4
discusses the implementation details, training procedure, baseline
models and relevant evaluation metrics. The results of the ablation
studies as well as the comparisons with state-of-the-art models are
presented in Section 5. Finally, Section 6 contains a comprehensive
discussion of all results and recommendations for future work,
followed by a conclusion of this research in Section 7.

2 SCIENTIFIC BACKGROUND
2.1 Medical Background
Laparoscopic surgeries are minimally invasive surgeries where
surgical instruments are inserted into the stomach or pelvic area
through several small incisions [26]. A laparoscopic camera is also
inserted and gives the surgeons real-time footage of the surgical
�eld without making large incisions. Because laparoscopic surgeries
are done using a camera, it makes them very accessible for surgical
phase recognition, as the camera is already present and a great deal
of footage exists.

There are several challenges when it comes to using laparoscopic
surgery videos for automatic phase recognition. The laparoscopic
camera is not static, so there is a great deal of �uctuation in the
scenes that can be seen during the surgery, including motion blur
[56]. Videos can also contain fast camera movements, smoke block-
ing the view, and an array of di�erent tools. Additionally, blood
stains on the lens can obscure or distort the image that the laparo-
scopic camera captures. Di�erent types of surgery can be performed
laparoscopically, common procedures include cholecystectomy (re-
moval of the gallbladder) and hysterectomy (removal of the uterus
and cervix) [10, 38].
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2.1.1 Terminology.When it comes to the task of recognizing the
di�erent phases in a surgery, several terms are used across di�erent
papers. Some papers refer to it simply asphase recognition[11,
53, 56, 63, 65]. Other authors use the termwork�ow recognitionto
describe the recognition of the phases in surgery [23, 25, 56, 69]. A
couple of papers also refer to the process asstep recognition[18, 52].
However, this term can be ambiguous because it is also used to
describe the recognition of actions, or a shorter period within a
larger phase.

In this report, the termwork�ow recognitionwill be used to refer
to the overlapping research �eld which focuses on gaining insights
into the processes that happen during surgeries. The actual task
of predicting the phases in a surgical video will be referred to as
surgical phase recognition, in line with the terminology used by
Twinanda et. al [56].

2.2 Multi-Visual Cue Models
Multi-visual cue models for phase recognition are models that use
various types of visual information or cues to predict the current
phase of a video. The usage of multiple visual inputs can poten-
tially increase the performance of prediction models, especially in
surgical videos which sometimes include complex or blurry frames.
The features discussed in Section 2.4.6 can be used as input to a
multi-visual cue model. There are several choices that are important
for the performance of such a model.

Firstly, it is important to decide when the di�erent features will
be combined for the �nal prediction. In multi-modal models, such
as a multi-visual cue model, there are two main categories for data
fusion: early fusion and late fusion [43]. Late fusion involves �rst
training a model for each individual feature, and then combining
the outputs at the end, either by concatenating the outputs or
averaging them in classi�cation tasks. In early fusion, the features
are combined before being fed into the prediction model, and this
way only a single model is trained.

2.3 Datasets
Various benchmark datasets that are commonly used for automated
phase recognition in surgical videos include Cholec80 [56], HeiC-
hole [59], M2CAI16 [53, 56] and AutoLaparo [60]. These datasets
are discussed in the following sections. Figure 1 shows several ex-
ample frames from the videos in each dataset. Table 1 shows a brief
overview of the datasets and their technical details together with
the class labels for each phase in the datasets.

2.3.1 Cholec80.The Cholec80 dataset [56] is a publicly available
dataset which contains 80 videos of laparoscopic cholecystectomy
surgeries. Laparoscopic cholecystectomy is a surgery often used
for surgical phase recognition because it is relatively common with
a highly standardized process that is not entirely linear [53]. This
means that some of the phases of the surgery can be performed
in a di�erent order depending on the surgeon and the speci�c
situation. The videos in the Cholec80 dataset are labeled with phase
annotations for seven distinct phases. The presence of 7 di�erent
tools is also annotated in the videos, provided by a senior surgeon
at Strasbourg Hospital. These tools areBipolar, Clipper, Grasper,
Hook, Irrigator, Scissors, andSpecimen bag. An example of each tool
is shown in Figure 2a. The videos are captured at 25 frames per

second (FPS) and have been downsampled to 1 FPS. They have a
frame resolution of 1920x1080 or 854x480 pixels, and an average
duration of 39 minutes [33].

Figure 3 shows the distribution of frames per video in the cholec80
dataset. It can be seen that there is a large variety in the number
of frames in each video. Some videos are shorter with around 1000
frames, while longer videos have up to 6000 frames. Figure 4 shows
the number of frames per phase in the surgery. This graph shows
that Calot triangle dissection(P2) andGallbladder dissection(P4) are
the phases with the most frames in the dataset, and the remaining
phases have a more similar number of total frames.

2.3.2 HeiChole.The HeiChole benchmark dataset [59] was created
for the 2019 Endoscopic Vision sub-challenge for surgical work�ow
and skill analysis. It consists of 33 laparoscopic cholecystectomy
videos, captured at three di�erent surgical centers. 24 of these videos
are part of the publicly available training set, and the remaining 9
videos belong to a private test set. Each video has been annotated
with a phase, tool, and action label, and parts of the video also
include annotations for skill classi�cation. The phase labels are the
same as the phases used in the Cholec80 dataset.

2.3.3 M2CAI16.The M2CAI16 work�ow dataset [53] was created
for the M2CAI challenges in 2016 and consists of 41 cholecystec-
tomy surgeries. Some of the videos are taken from the Cholec80
dataset. Similar to the Cholec80 dataset, these videos are captured
at 25 FPS with a resolution of 1920x1080. All videos in the dataset
have been segmented into eight phases by experienced surgeons at
the Hospital of Strasbourg and the Hospital Klinikum Rechts der
Isar in Munich. The M2CAI16 tool dataset was created for the same
challenge and consists of 15 laparoscopic cholecystectomy videos.
The tools annotated in this dataset are the same as those in the
Cholec80 dataset.

2.3.4 AutoLaparo.The AutoLaparo dataset [60] consists of 21
videos of laparoscopic hysterectomy surgeries. Each video is la-
beled with phase annotations for 7 phases. A senior gynaecologist
and a specialist with experience in hysterectomies performed these
annotations. Tools and key anatomy are also annotated in this
dataset. The key anatomy is the uterus, and the 4 annotated tools
areGrasping forceps, LigaSure, Dissecting and grasping forceps, and
Electric hook. An example of each tool can be found in Figure 2b.
The videos have a standard resolution of 1920x1080 pixels and are
captured at 25 FPS. Because of the di�erent levels of di�culty in-
volved in the surgeries, the videos range in length from 27 to 112
minutes, with an average duration of 66 minutes. Similar to chole-
cystectomy surgeries, hysterectomies also have a relatively long
duration which can make the task of phase recognition di�cult.

2.4 Related Works
The task of surgical phase recognition has already been discussed
in many papers. The di�erent types of models that were previously
used for the task are discussed, and several di�erent architectures
for each of the model types are presented.

2.4.1 CNN-based Models for Surgical Phase Recognition.Convo-
lution is a linear operation used for feature extraction, where a
matrix of numbers called a kernel is applied across the input [62].
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