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Since unexpected incidents in the operating room can significantly impact a patient’s

life, appropriate medical safety measures must be considered. Modern operating rooms

are complex environments where human errors such as inattention, miscommunication,

insufficient training, and improper equipment use are cited as leading causes of accidents.

However, current safety measures rely on subjective records, such as written notes and

electronic logs, without objectively analyzing the activities of surgical team members.

To address this limitation, examination of video footage of events in the operating room

is necessary.

Recently, the installation of surveillance cameras that capture the entire operating

room has increased, enabling the recording of surgeries. By extracting features of human

activity from these videos and analyzing the variations based on surgical progression,

emergencies, and workload, we aim to enhance surgical safety and operational efficiency

through objective event detection and situation awareness.

First, we propose two methods for recognizing group activities specific to surgeries:

a) medical instrument passing and b) the attention activity of surgical team members.

The medical instruments passing among nurses corresponds to the progression of the

surgery, and deviations in the type and timing of instrument handovers may procedu-

ral irregularities, such as emergencies. Similarly, recognizing the attention activity of

surgical team members provides insights into incident detections, as surgeons and scrub

nurses tend to focus on the vital signs monitor during critical events. To achieve this,

we extracted features for individual activity recognition including body orientation, face

orientation, and arm extension, using pose estimation from videos. Medical instrument

passing was then recognized using a (Long Short-Term Memory) LSTM-based deep

learning model for time-series analysis. Additionally, we generated heat maps of atten-

tion areas based on the face direction of surgical team members to estimate focal points

during surgery.

Second, we sought to extract the states and features of individual activities. Since

positions and movements in the operating room are role-specific, detecting deviations

from expected activity patterns could facilitate event detection and situational recog-

nition. To achieve this we proposed three models: a) activity anomaly estimation, b)

activity clustering, and c) role classification.

For a), we developed a model combining an autoencoder and a generative adversarial

network to assess the degree of activity anomalies based on reconstruction errors over

five-second intervals. Since the positions and postures of surgical team members remain

relatively stable during smooth surgical progression, training the model exclusively on

these stable activities allows it to assign high anomaly scores to individuals displaying

significant movement. We confirmed that high anomaly scores were observed during
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uncommon activities, such as circulators moving around to retrieve medical instruments

or crouching to measure blood loss with gauze.

For b), we employed unsupervised learning to extract and model activity features for

each role in the operating room. Changes in these activity patterns could be leveraged

for incident detection, workload assessment, and overall surgical safety and efficiency

improvements. However, distinguishing between different surgical team members’ move-

ments is challenging due to their largely stationary nature, necessitating annotations by

experienced practitioners, which increases annotation costs. Surgery in the operating

room involves surgical team members positioned around the operating table. To leverage

this feature, we manually specified the center coordinates of the operating table and the

L2 norm of each individual’s bounding box relative to this center as an input feature.

The results demonstrated that activity classification achieved over 70% accuracy on the

training dataset and over 60% accuracy on the test dataset. Further incorporating spa-

tial features improved the accuracy by 10% leading to final classification accuracies of

approximately 82.6% for the training dataset and 70.6% for the test dataset.

For c), we identified surgical team members’ roles (e.g., surgeon, anesthetist, scrub

nurse, circulator, others) using self-supervised learning. To address the challenge of ap-

plying supervised learning models, due to the difficulty of obtaining accurate annotations

and achieving robust learning from surgical videos, we proposed a self-supervised learn-

ing model using a categorical variational autoencoder. Using a dataset derived from 1

hour of video, this approach achieved approximately 95% accuracy in role identification

with annotations for only 1/4 of the total data.

Using these activity recognition results, we conducted event detection and situational

recognition to enhance surgical safety and efficiency. Our attention activity analysis

successfully detected events such as surgeons leaving the surgical field to gather in front

of the monitor to confer. Additionally, role classification results enabled the detection of

emergencies, such as massive bleeding (cardiac arrest), based on sudden changes in the

number of personnel in the operating room. These findings demonstrate the potential

for using surgical video analysis to detect critical events and improve surgical safety and

workflow efficiency.
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Chapter 1

Introduction

1.1 Challenges of Surgery

Medical institutions have inevitably tightened their safety protocols in response to med-

ical incidents [1]. Surgery requires rigorous safety measures to prevent unexpected com-

plications during procedures. The operating room is a highly complex environment,

making surgical procedures particularly vulnerable to errors caused by lapses in atten-

tion among team members [2]. Currently, approximately 312.9 million surgeries are

performed worldwide [3]. A medical field study reported that 7,508 out of 44,814 adult

patients (16.8%) developed at least one postoperative complication, with 207 (2.8%)

dying as a result [4]. Additionally, 45% of all medical accidents in healthcare occur

in the operating room, and over 50% of postoperative complications are attributed to

human error. These errors stem from factors such as poor teamwork, inadequate com-

munication, hierarchical barriers, inexperience, lack of training, improper equipment

use, and carelessness [5–9]. A major challenge in improving surgical safety is identifying

the causes of intraoperative human errors and preventing medical accidents. Addressing

this challenge requires effective surgical analysis methods.

1.2 Subjective Surgical Analysis Methods

Several methods for improving surgical safety rely on subjective evaluation. Current ap-

proaches to assessing human error in surgery include evaluating critical surgical steps and

teamwork through checklists and postoperative interviews. The Observational Team-

work Assessment for Surgery (OTAS) [10] evaluates teamwork-related activities using a

15-item checklist on a 7-point scale. The Operating Theater Team Non-Technical Skills

1
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Assessment Tool (NOTECHS II) [11] employs an 8-point scale to assess various dimen-

sions of non-technical skills, providing higher accuracy and greater sensitivity in surgical

evaluations [12]. Additionally, the Nontechnical Skills for Surgeons (NOTSS) [13] as-

sesses five key competencies, situation recognition, decision-making, communication,

teamwork, and leadership, using a 4-point scale. A 2015 review of 25 studies concluded

that NOTSS offers the highest validity, reliability, and acceptability among these meth-

ods [14].

However, these evaluation methods have limitations. They assess only predefined cri-

teria and rely on the subjective judgments of surgical team members, making it difficult

to evaluate unanticipated factors or elements beyond the team’s awareness. Further-

more, they do not directly analyze activities at the moment human errors occur, nor

do they specify causal events. Therefore, it is necessary to extract and analyze team

members’ intraoperative activities from video footage and other objective data sources

to systematically identify the causes of human error.

1.3 Reasons for Selecting Operating Room Surveillance

Video

Intraoperative records maintained by surgical staff often rely on handwritten notes,

making real-time documentation challenging. During emergencies, staff are too occupied

to record detailed events, resulting in a lack of accurate and comprehensive intraoperative

records suitable for surgical analysis.

This study focuses on operating room surveillance videos. With advancements in

video recording technology, surveillance cameras capable of capturing the entire operat-

ing room are increasingly being installed. The use of these cameras offers a significant

advantage: they eliminate the need for additional sensors while enabling the develop-

ment of safety-enhancing technologies without interfering with surgical procedures.

This study uses vision-based human activity recognition (HAR) to automatically

extract and analyze intraoperative situations from operating room surveillance videos,

providing an objective approach to identify human errors and improve surgical safety.

1.4 Related Work – Vision-Based HAR

HAR is one of the most prominent fields in computer vision that focuses on analyz-

ing human movements, posture control, and interactions. Using sensors embedded in
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wearable devices and smartphones, such as microphones, cameras, accelerometers, and

gyroscopes, various types of data can be measured to recognize human activities based

on body movements and positions [15].

Advancements in video technology have made it easier to record videos anytime and

anywhere using smartphones and surveillance cameras. For example, video recording is

now commonplace at construction sites, factories, retail stores, households, in dashboard

cameras, and during sports activities. Human activities captured in these videos are

being actively researched for applications across various fields and levels of complexity.

These include safety monitoring, environmental surveillance [16, 17], robotics [18], real-

time training feedback [19], healthcare, medical diagnostics, fitness monitoring [20],

and biomechanical analysis using data-driven approaches [21]. Extracting meaningful

information from such videos through activity recognition is an ongoing area of research.

Group activity recognition (GAR), a form of HAR involving multiple people in the

video, has been extensively studied. With the emergence of deep learning, numerous

models have been proposed for HAR, surpassing traditional hand-crafted feature-based

approaches. Early frameworks focused on modeling temporal dynamics using recurrent

neural networks (RNNs) [22–24]. Ibrahim et al. [22] and Kong et al. [24] introduced mod-

els utilizing long short-term memory (LSTM) layers to construct hierarchical networks,

extract temporal features, and focus on key individuals and their contexts. Wang et

al. [23] proposed a recurrent context model that considers individual, group, and scene-

level interactions.

Spatio-temporal relations are critical for enhancing HAR performance [25–31]. Qi

et al. [25] constructed semantic graphs to describe spatio-temporal contexts by passing

messages through structural RNN nodes. Azar et al. [26] developed a convolutional

relational model that learns intermediate person-relationship representations based on

video features extracted using an Inception 3D (I3D) backbone [32]. Wu et al. [27]

employed two-dimensional (2D) convolutional neural networks (CNNs) and graph CNNs

to construct individual relationship graphs, analyzing appearance and location-based

relationships between individuals. Yuan et al. [28] introduced a dynamic graph for

modeling diverse person interactions. Yan et al. [29] proposed a hierarchical graph-based

cross-inference network to capture activity at the body-region, individual, and group

levels. Li et al. [30] designed a panoramic graph incorporating multi-person skeletons

and objects, using a Graph Convolutional Network (GCN) to model intra-person, inter-

person, and person-object interactions. Jiang et al. [31] extracted both local positional

features of individual actors and global features of the overall scene, using a graph neural

network to infer interactions between actors and their environment.
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Circulator
Scrub Nurse

Surgeon

Anesthetist

Surgeons

Circulator

Anesthetist

Scrub Nurse

(a) (b)

Figure 1.1: (a) Overview of the operating room. The surgeons, anesthetist, and scrub
nurse remain in fixed positions, while the circulator moves around the operating room
to deliver medical instruments. (b) A sample frame from an actual operating room
surveillance video.

Inspired by the success of transformers in natural language processing (NLP) and

computer vision, novel architectures integrating transformers for HAR have been pro-

posed [33–36]. Gavrilyuk et al. [33] introduced an actor-transformer model to selectively

extract information relevant to group activity recognition. Yuan et al. [34] developed a

theoretical framework incorporating global visual context for group activity recognition,

consistent with transformer-based causal graphs. Li et al. [35] proposed a method us-

ing cross-connected transformers and clustered attention mechanisms to model spatial

and temporal contexts. Kong et al. [36] further advanced this approach by predicting

future group states based on long- and short-term historical state dynamics. These

transformer-based models, utilizing supervised or semi-supervised learning, have consis-

tently achieved state-of-the-art performance in GAR

Traditional HAR research relies on manual annotations for supervised learning, but

Nakanishi et al. [37] proposed a method for learning group activity features without such

annotations. They treated activity classes and appearance features as person attributes,

training a network in an end-to-end manner to predict group activity based on individual

attributes. This approach effectively extracted multi-person activity features.

However, existing HAR research on operating room surveillance videos has primarily

focused on human detection and pose estimation of surgical team members [38–41]. To

date, no studies have investigated activity recognition for surgical teams. Therefore, it

is necessary to explore HAR models specifically for intraoperative analysis.
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1.5 Surgical Team Members Captured in Operating Room

Surveillance Video

This section focuses on the specific activities and positioning of surgical team members

captured in operating room surveillance videos. As shown in Figure 1.1 (a), surgical

team members are are positioned around the operating table according to their roles.

Their primary responsibilities are as follows:

• Surgeon: Stands near the patient and performs the surgery, directly interacting

with the surgical field.

• Anesthetist: Positioned at the patient’s head, operates the anesthesia machine,

and monitors the patient’s condition.

• Scrub Nurse: Stands next to the surgeon, assisting by passing surgical instruments.

• Circulator: Moves within and outside the surgical field to deliver necessary medical

instruments to the scrub nurse.

Next, we consider the activity features of surgical team members upon visually reviewing

the operating surveillance video. Figure 1.1 (b) shows a sample frame from an actual

operating room surveillance camera. The surgical team members’ activity features are

as follows:

• Often standing still.

• The positions are rarely changed except for the circulator.

• Often focusing on the surgical field during surgery.

Operating room surveillance videos present several challenges for activity recognition:

• Restricted camera angles limit the visibility of activities and interactions.

• The surgical field and operating table are occluded.

• Surgical team members are often obscured by medical instruments.

• Surgeries may last over 3 h, 30 min [42] making manual visual analysis impractical

Given these challenges, we focus on detecting large movements and postural changes

to extract relevant information from surveillance video. While complete occlusion pre-

vention is difficult, analyzing activities from a fixed camera angle can help develop sim-

ple intraoperative analysis techniques applicable to all operating rooms equipped with

surveillance cameras.
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1.6 Applications of Vision-Based HAR for Surgery

We consider the significant activities captured in operating room surveillance videos and

their potential applications for improving the safety and efficiency of surgeries:

Safety Improvements Incident detection is essential for surgical safety improvement.

Since the medical errors occur suddenly, we consider that predicting incidents becomes

challenging task. It is highly desirable to detect all events that may impact a patient’s

life, making recall an important evaluation metric. Therefore, pursuing real-time detec-

tion is necessary to identify incidents more quickly.

Surgical Education To enhance surgical training, it is essential for surgical specific ac-

tivity recognition. For evaluation metrics for training, estimating the accuracy and speed

of the activities is also essential. As educational materials, we extract surgical specific

activities from stored operating room surveillance videos. Additionally, virtual reality

(VR) and augmented reality (AR) technologies are necessary to perform simulations for

training.

Surgical Evaluation In the evaluation of surgical procedures, it is essential to consider

both real-time and post-operative metrics. Real-time evaluation metrics focus on as-

sessing the appropriateness of the handles by each member or the team, based on their

roles and the progress of the surgery. On the other hand, post-operative evaluation

metrics involve qualitative assessments based on various criteria, including: the differ-

ence between the scheduled surgical time and the actual surgical time, the discrepancy

between the estimated blood loss and the actual blood loss, and the presence or absence

of post-operative complications.

To achieve these goals, two main research directions are required:

• Recognition of Surgery-Specific Activities: There are no publicly available datasets

for intraoperative activity research. Since activities vary by role, dedicated activity

models are needed for each surgical team member.

• Intraoperative Situation Recognition: If surgical procedure logs were synchronized

with operating room surveillance videos, it would be possible to search and ex-

tract key scenes, such as the start, end, and emergency events, from large video

datasets. Further analysis of these extracted datasets could drive research aimed

at improving surgical safety and efficiency.
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Unsupervised Anomaly Estimation
(Chapter 5)

Unsupervised Activity Clustering
(Chapter 6)

Semi-Supervised Role Classification
(Chapter 7)

Medical Instrument Passing
(Chapter 3)

Group Attention
(Chapter 4)

Linear Transformation-Based 
Individual Activity Features

(Chapter 2)

One-to-One Interaction

Classification

Anomaly Clustering

Human Relationships

Individual States in Society

Group Interaction

Feature Extraction

Part Ⅰ. Linear Transformation-Based Group Activity Recognition

Part Ⅱ. End-to-End Individual Activity Recognition

Figure 1.2: The research framework of vision-based HAR for operating room surveillance
videos.

1.7 Research Scope and Conditions

This study focuses on recognizing surgical-specific activities using operating room surveil-

lance video. Additionally, we apply our proposed activity recognition models to videos

spanning the entire surgical process, from preparation to cleanup, to verify whether in-

formation such as changes in surgical state and the occurrence of emergencies can be

extracted as logs.

Figure 1.2 shows the relationship and load-map of vision-based HAR conducted in

this study. In Part I, we propose a method for recognizing interactions between surgical

team members. Since our focus is on interaction recognition, we define individual ac-

tivities as time series data of skeleton models obtained through pose estimation using a

tracking model. We extract features of individual activities through linear transforma-

tion (Chapter 2). Two key group activities relevant to surgical procedures are analyzed:

Medical Instrument Passing (Chapter 3) which involves the transfer of clean-packaged
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surgical instruments between the circulating nurse and scrub nurse. Group Attention

(Chapter 4) which may be drawn to unexpected events.

In Part II, we focus on extracting the states and features of individual activities.

Although operating room surveillance videos are continuously recorded, identifying spe-

cific surgical activities within them is challenging. Most intraoperative activities involve

standing still, leading to numerous ambiguous cases, making supervised learning anno-

tation difficult.

We trained deep neural network models based on autoencoders and variational au-

toencoders (VAE) on a large volume of operating room surveillance video. Using the

latent features extracted from these models, we analyze individual activities. First, we

proposed the unsupervised anomaly estimation model of intraoperative activity to de-

tect rare intraoperative activities (Chapter 5). Second, we proposed the unsupervised

clustering model that groups intraoperative individual activities to analyze significant

activity features (Chapter 6). Finally, we proposed the semi-supervised role classifica-

tion model (Chapter 7), which recognizes role-specific activity patterns and how they

change based on surgical events.

To ensure the generalizability of our proposed models across various operating rooms,

we do not limit our analysis to specific surgical procedures. However, to minimize

occlusions, we only use surveillance videos from operating rooms without large medical

equipment such as CT machines and surgical robots. Additionally, since surveillance

cameras vary in field of view due to room size and instrument arrangement, resulting

in inconsistencies in camera angles and internal parameters, we do not perform camera

calibration to reduce application costs.

1.8 Dissertation Overview

Figure 1.3 illustrates the dissertation structure, which consists of three main parts: (a)

Linear Transformation-Based Group Activity Recognition, (b) End-to-End Individual

Activity Recognition, and (c) Intraoperative Event Detection.

Part I focuses on group activity recognition using linear transformations. Chapter 2

details individual activity feature extraction through keypoint-based transformations.

Chapter 3 examines medical instrument passing between the scrub nurse and circulator.

Chapter 4 explores relationships among surgical staff without role recognition.

Part II addresses individual activity recognition using end-to-end models. Chapter 5

introduces an unsupervised anomaly estimation model that detects rare intraoperative
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Chapter 1. Introduction

Chapter 2. Linear Transformation-Based
Chapter 2. Individual Activity Features
Chapter 3. Medical Instrument Passing
Chapter 4. Group Attention

Chapter 5. Unsupervised Anomaly Estimation
Chapter 6. Unsupervised Activity Clustering
Chapter 7. Semi-Supervised Role Classification

Part Ⅰ. Linear Transformation-Based 
Group Activity Recognition

Part Ⅱ. End-to-End
Individual Activity Recognition

Vision-Based Human Activity Recognition
for Operating Room Surveillance Videos

Part Ⅲ. Intraoperative Situational Analysis
Chapter 8. Intraoperative Situation Recognition 
Chapter 8. and Event Detection

Chapter 9. Conclusion

Figure 1.3: This dissertation comprises three main parts: a) Linear Transformation-
Based Group Activity Recognition, b) End-to-End Individual Activity Recognition, and
c) Intraoperative Analysis.

activities. Chapter 6 clusters activity features from autoencoders to infer roles. Chap-

ter 7 integrates these methods for semi-supervised role classification.

Part Part III applies these methods to operating room surveillance videos, from

preparation to cleanup, to analyze intraoperative situations. Section 8.2 evaluates the

feasibility of detecting surgery phase transitions using group activity recognition. Sec-

tion 8.3 explores event detection and situation recognition based on individual activity

changes identified by the role classification model.

Finally, Chapter 9 summarizes the findings and discusses future research directions.
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Group Activity Recognition
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In this part, we describe the recognition of intraoperative interactions. Team coordi-

nation is a significant factor in the progression of surgery. To ensure smooth surgical

procedures, the anesthetist manages the patient’s vitals, the scrub nurse handles the

necessary medical instruments, and the circulating nurse delivers additional instruments

from outside the surgical field. Consequently, interactions occur among surgical team

members. This part focuses on two types of interactions observable in operating room

surveillance videos: a) Medical Instrument Passing, and b) Group Attention.

Medical Instrument Passing: The activity in which the circulator passes medical

instruments to the scrub nurse can serve as an indicator of surgical progress. Since

surgical procedures follow a predetermined sequence based on the type of operation, the

progress of the surgery can be quantified by observing whether instruments are handed

over according to the expected timeline. If an urgent event occurs, delays or deviations

in instrument passing may be detected.

Group Attention: Detecting group attention provides insight into situational recogni-

tion, including whether the operation is proceeding smoothly or if an unexpected event

has occurred. During routine surgery, surgical team members typically focus on differ-

ent aspects: the surgeon and scrub nurse concentrate on the patient, the anesthetist

monitors the anesthesia machine, and the circulating nurse oversees the entire operating

room. If both the scrub nurse and circulating nurse turn their attention to the monitor,

this may indicate an unexpected event requiring their focus.

To recognize these interactions, we extract features from the time series of keypoints

corresponding to individual activities. These features can be obtained by processing op-

erating room surveillance videos using object detection, pose estimation, and tracking

models developed in previous studies. While deep neural network-based activity recogni-

tion models may vary in accuracy depending on the operating room environment, using

simple linear transformations for feature extraction can help mitigate this variability.

Chapter 2 presents the feature extraction methods for individual activities using lin-

ear transformations. Chapter 3 introduces the recognition model for medical instrument

passing from the circulator to the scrub nurse. Chapter 4 describes the estimation model

for determining team members’ focal points within the operating room based on their

facial orientation.



Chapter 2

Linear Transformation-Based

Individual Activity Features

2.1 Introduction

In this chapter, we present the feature extraction method for individual activities using

linear transformation. We input the time series keypoints obtained by pose estimation

model and tracking model.

In previous research, initial approaches to keypoints-based individual activity recog-

nition using handcrafting features [43–46] did not consider the semantic connectivity of

body joints. Recent approaches [47–52] have utilized spatial-temporal graphs to repre-

sent the spatial relationships of body joints. However, these models are trained using

the supervised learning of specific datasets [44, 53], which was not applicable in our case

because of the complexity of surgical situations in operating rooms.

On the other hand, we aim to recognize medical instrument passing and group at-

tention. Medical instrument passing involves the circulator and scrub nurse facing each

other, with their hand positions in close proximity. Group attention requires estimating

the direction of gaze from face orientation. We considered effective individual activity

features for recognizing these group activities.

First, we applied homography transformation to keypoints and projected them onto

a top-down view of the operating room. This allows for the visualization of the dis-

tribution and changes in features within the operating room, providing features that

are easy for humans to interpret. Next, from the key points in the top-down view, we

12



2 Linear Transformation-Based Individual Activity Features
2.2 Data Pipeline of Group Activity Recognition 13

Operating Room Surveillance Video

Pose Estimation

Linear Transformation-Based
Individual Activity Features

(Chapter 2)

Group Activity Recognition
Medical Instrument Passing (Chapter 3)

Face Direction (Chapter 4)

Figure 2.1: Data pipeline of group activity recognition comprising three main steps:
1) pose estimation, 2) individual activity feature extraction (Chapter 2), and 3) group
activity recognition. We present two group activity recognition models: a) medical
instrument passing (Chapter 3) and b) group attention (Chapter 4).

applied linear transformation to extract body position, body orientation, and face ori-

entation. Additionally, we extracted arm flexion and wrist position from the operating

room surveillance video (without homography transformation).

For medical instrument passing (Chapter 3), we used body position, body orienta-

tion, arm extension, and wrist position as input features. For group attention (Chap-

ter 4), we used body position and face orientation as input features.

2.2 Data Pipeline of Group Activity Recognition

The scheme of the proposed data pipeline is shown in Figure 2.1. We used operating

room surveillance videos as input and applied pose estimation to obtain individuals’

keypoints. The format of the skeleton model used COCO keypoints [54], which include

five facial points and twelve body points. We also used particle filters for tracking

individuals to sort keypoints into time series data.

Applying the methods presented in this chapter, we extract individual positions,

face orientations, body orientations, arm bending, and wrist positions. These features

are then sent to recognize medical instrument passing and group attention as group

activities.
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2.3 Notations

Firstly, we describe about the notations for Part I (Chapter 2 - Chapter 4). We denote

a 2D point by a bold uppercase letter such as P. We use italic lowercase letters, such

as d, to represent the scalar values. Specifically, we denote the abscissa and ordinate of

a 2D point with italicized lowercase letters x and y, respectively. We denote a vector

between two points using a bold lowercase letter with a right arrow, such as v⃗.

An attribute is denoted by a subscript word, where l and r represent left and right,

respectively. For example, Pear l(xear l, year l) denotes the left ear point and v⃗face is a

vector of the face orientation.

We denote a matrix with bold italic upper-case letters, such as M . A set is denoted

by a blackboard bold uppercase letter, such as S.

max() denotes the maximum of several scalar values; for example, given a > b,

max(a, b) = a. mid() denotes the midpoint of two points with left and right attributes,

for example,

mid(Pear) =
Pear r +Pear l

2
.

The Euclidean distance between two points P,Q is denoted by dis(P,Q). The cosine

similarity of two vectors v⃗, u⃗ is denoted by cos(v⃗, u⃗).

2.4 Pose Estimation

We applied pose estimation to operating room surveillance videos and extracted the

keypoints that represent the skeleton of each individual.

In addition, we used the 17 points of COCO [54] for the keypoints, including 5 face

points and 12 body points. Each point holds an estimation confidence score.

2.5 Tracking Using Particle Filter

Because pose estimation entails extracting and outputting the keypoints of individu-

als randomly, it is necessary to identify and continuously track each individual with

consistency.

We tracked the midpoint mid(Phip) between the left and right hips for each individ-

ual because this afforded the best tracking stability for pose estimation. We applied a
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particle filter with 300 particles to maintain individual tracking consistency. Each parti-

cle Xk followed a 2D Gaussian distribution Xk ∼ N2(µ,Σ) where µ = average(X), Σ =[
50 0

0 50

]
.

2.6 Individual Activity Features

We extracted the following six features for each individual: body position Pbody, face

orientation v⃗face, body orientation v⃗body, arm flexion farm, left wrist position Pwrist l,

and right wrist position Pwrist r.

2.6.1 Body Position

First, we calculated a homography matrix H based on the four fixed corners of the

operating table to generate a 2D reprojection of the room. Given H, we transformed

the ankle points [
P′

ankle r

P′
ankle l

]
= H

[
Pankle r

Pankle l

]
and calculated the body position Pbody as

Pbody = mid(Pankle). (2.1)

If the confidence scores of Pankle r and Pankle l were less than 0.2, indicating that the

estimation of ankle positions was not sufficiently reliable, we estimated the body position

instead Pbody using Phip and Pshoulder, as follows:

v⃗trunk = mid(Phip)−mid(Pshoulder). (2.2)

Pbody = mid(Phip) + v⃗trunk · 1.2 (2.3)

2.6.2 Face Orientation and Body Orientation

By solving Pbody = Aear ·mid(Pear) and Pbody = Ashoulder ·mid(Pshoulder), we cal-

culated the matrices Aear and Ashoulder to perform an affine transformation to map the

ear and nose points to the shoulder points, respectively, of each individual, corresponding
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to their body position as follows:
P′

ear l

P′
ear r

P′
eye l

P′
eye r

 = AearH


Pear l

Pear r

Peye l

Peye r


and [

P′
shoulder r

P′
shoulder l

]
= AshoulderH

[
Pshoulder r

Pshoulder l

]
.

Given a rotation matrix

R =

[
cos π

2 − sin π
2

sin π
2 cos π

2

]
,

we calculated the face orientation v⃗face of an individual as follows:

v⃗face =


R · (P′

ear r −P′
ear l), if xear l ≤ xnose ≤ xear r

or xear r ≤ xnose ≤ xear l

mid(P′
eye)−mid(P′

ear), else

(2.4)

Body orientation v⃗body was calculated as follows:

v⃗body = R · (P′
shoulder r −P′

shoulder l). (2.5)

2.6.3 Arm Flexion

To obtain the arm flexion, we first calculated the vector of the body trunk v⃗trunk using

Eq. (2.2).

We then calculated the vectors of each arm as
v⃗arm r

v⃗arm l

 =


Pwrist l −Pshoulder l

Pwrist r −Pshoulder r

 . (2.6)

Given the body trunk and arm vectors, we estimated the likelihood of the flexion of each

arm as follows: 
farm r

farm l

 =


1− | cos (v⃗trunk, v⃗arm r)|

1− | cos (v⃗trunk, v⃗arm l)|

 . (2.7)
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The arm flexion of an individual was determined by

farm = max(farm r, farm l). (2.8)

2.6.4 Wrist Position

We extracted the left and right wrist positions Pwrist l and Pwrist r from the keypoints of

the pose estimation. These features were not transformed by any affine or homography

transformation.

2.7 Summary of Individual Activity Features

These basic features of individuals

Findividual = {Pbody, v⃗face, v⃗body, farm, Pwrist l,Pwrist r}

were sent to the estimation models to obtain the likelihood of each group activity in

which the individual may be involved.

The extracted linear transformation-based individual features are shown in Fig-

ure 2.1; the blue arrows, the red arrows and the green values show the face orientations,

body orientations and arm flexion, respectively.

In Chapter 3 and Chapter 4, we describe in details of medical instrument passing

and group attention, respectively.



Chapter 3

Medical Instrument Passing

3.1 Introduction

In this chapter, we present the recognition model of medical instrument passing (MIP).

The activity whereby the circulator passes medical instruments to the scrub nurse can

be used as an indicator of the surgical procedure. As the surgical procedure is roughly

determined by the type of operation, the progress of an operation can be quantified by

observing whether medical instruments are handed over in accordance with the timing

of the procedure. If an emergency occurs, there is a high possibility that the medical

instrument passing will be detected as delayed or deviating from the expected procedure.

Using the individual activity features (body position, body orientation, arm flexion,

wrist position) extracted in Chapter 2, we extracted features of the relative relationships

between the individual activity features of all pairs of people in the operating room.

Additionally, we trained the MIP recognition model with supervised learning.

3.2 Methods

3.2.1 Extracting Features

We estimated the activity of MIP based on the Euclidean distance of position, body

orientation, average arm flexion and the Euclidean distance between the wrists of two

individuals.

We first calculated the Euclidean distance of position dp a&b between the two indi-

viduals using

dp a&b = dis(Pbody a,Pbody b), (3.1)

18
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and the minimum Euclidean distance of two individuals’ wrists dw a&b using

dw a&b = min(dis(Pwrist l a,Pwrist l b),

dis(Pwrist l a,Pwrist r b),

dis(Pwrist r a,Pwrist l b),

dis(Pwrist r a,Pwrist r b), ),

(3.2)

through which we obtained the minimum distance between all the pairs of wrists of two

individuals.

The Euclidean distances of dp a&b and dw a&b follow 1-dimensional Gaussian distri-

butions as dp a&b ∼ N1(µp, σp) and dw a&b ∼ N1(µw, σw), where µp = 200, σp = 100,

µw = 100, and σw = 80, because the range of these values is [0, 1]. However, these pa-

rameters were set by manual tuning. This made it necessary to consider an optimization

method.

We also evaluated the body orientation of two individuals in relation to each other Fa

and Fb using 
cab

cba

 =


cos (v⃗body a,Pbody b −Pbody a)

cos (v⃗body b,Pbody a −Pbody b)

 . (3.3)

Then, we calculated the likelihood of two individuals facing each other using

ca&b =
cab + cba

2
. (3.4)

Because the range of ca&b was [-1, 1], we adjusted the range to [0, 1] through min-max

normalization as follows:

ca&b =
ca&b + 1

2
. (3.5)

The average arm flexion was fa&b obtained using

fa&b =
fa + fb

2
. (3.6)

A feature set S = {dp a&b, dw a&b, ca&b, fa&b} was generated for each pair of individu-

als for each frame and was paired with a binary ground truth, which was manually input

for training and validating the recognition model. The features of the MIP activity are

shown in Figure 3.1.
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the Euclidean distance
of position: 𝑑!_#&%

Body direction: 𝑐#&%

the Euclidean distance
of wrist: 𝑑&_#&%

Arm flexion: 𝑓#&%

Figure 3.1: Features of MIP.

3.2.2 Machine-Learning-Based Models

We used two machine learning models to predict MIP activity. First, we used a support

vector machine (SVM). We input a feature S into the SVM model, and the model

classified the feature into one of two classes, based on whether the medical instrument

was passed or not.

Second, we used an RNN using LSTM because the temporal changes of features can

be candidate vital factors for activity prediction. Figure 3.2 shows the network archi-

tecture. We input features S of last T frames into the RNN model. The model yielded

a 2D output that included likelihoods of passing and not passing medical instrument.

We considered the max value of likelihoods as the prediction result of the model.

3.3 Experiments

In this section, the experiment conducted to evaluate the effectiveness of the models at

predicting the MIP activities are described.

3.3.1 Simulated Videos

Because actual operating room surveillance videos is not suitable for the purpose of this

experiment owing to complex on-site situations, we first used videos of actors simulating

the target activities. All the videos were filmed in an operating room at the Kyoto

University Hospital using an installed surveillance camera.
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Figure 3.2: Architecture of RNN using LSTM. The model was composed of an LSTM
layer, two linear layers, and a log-softmax layer. The features of the last T frames were
input into the RNN model. The model yielded a 2D output that included the likelihoods
of passing and not passing medical instrument.

3.3.1.1 Datasets

We recorded MIP activities from the circulating nurse to the scrub nurse, which is

a regular interaction between dirty and clean areas during surgery. The actors were

guided by experienced nurses to ensure that on-site concerns were accounted for.

Three actors played the roles of a surgeon, a scrub nurse, and a circulating nurse.

The surgeon, who was not involved in MIP, was located in the clean area performing

the surgery. The scrub nurse was also located in the clean area and received medical

instruments from the circulating nurse. The circulating nurse was located in the dirty

area and passed on sterilized and clean-packaged medical instruments to the scrub nurse.

Both the scrub nurse and circulating nurse made their best efforts not to contaminate

the instruments. First, the circulating nurse held the package up in front of them and

ensured that no part of their bodies touched it. Then, the scrub nurse reached into the

sterilized pack without touching its surface and extracted only the instrument.

The process was conducted using three different-sized instruments, syringe (small),

scissors (medium), and tray (large). Regardless of size, passing each instrument engen-

ders unique concerns that are reflected in the passing activity. We also recorded two

different positions: IP1 (orange) and IP2 (violet), as shown in Figure 3.3. IP1 was

iterated twice and IP2 was only once. The first iteration of IP1 was used as the training

data to train the SVM model and the other iterations were used as the test data. The

composition of datasets by frame number of MIP activities are shown in Table 3.1.
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Camera

1. Circulator
2. Scrub Nurse
3. Surgeon

(a) (b)

Figure 3.3: Images showing (a) the positions for MIP IP1 (orange) and IP2 (violet),
and (b) the actual video frame of IP1.

3.3.1.2 Implementation

We used an SVM model to predict MIP in the simulation experiments. We utilized

a radial basis function kernel for the SVM, with the gamma parameter γ and cost

parameter C set at 0.1 and 0.7, respectively. These parameters were determined by the

grid search algorithm, which was selected by γ: [0.01, 1.0] per 0.01, and C: (0.1, 10)

per 0.1. However, we did not use the RNN model because the simulation data was too

short for learning the RNN model.

3.3.1.3 Results

Figure 3.4 shows the results of the SVM model for predicting MIP activities in com-

parison with the ground truth. The solid blue and dashed orange lines represent the

prediction result and ground truth, respectively. The other lines represent other features,

in terms of “distance”: the Euclidean distance of position between the two individuals;

“body”: the body orientation of two individuals in relation to each othe; “arm”: the

Table 3.1: Composition of datasets by frame number of MIP activities.

Dataset
Frame Number

of MIP
Frame Number
of Not MIP

Total

training 538 1020 1558
IP1 447 4908 5355
IP2 715 5351 6066

Total 1700 11279 12979
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average arm flexion; and “wrist”: the minimum Euclidean distance of wrists between

the two individuals.

For position IP1 (top), the model accurately predicted a narrow range as the ground

truth, regardless of the size of the instrument. For position IP2 (bottom), the prediction

was the same as the ground truth for small and medium instruments and a wider range

than the ground truth for large instruments.

The prediction results are listed in detail in Table 3.2. For the IP1 dataset, the

model predicted the activity with a recall score of approximately 45%. However, the

predictions were within the ground truth regardless of the size of the medical instru-

ments, as indicated by the top of Figure 3.4. For the dataset of IP2, the recall score

of the model’s prediction of the activity was greater than 95%, which demonstrated the

validity of the selected features with the SVM model for recognizing instrument passing

activities from the simulated videos.

3.3.2 Real Operating Room Surveillance Videos

3.3.2.1 Datasets

We used three videos recorded in three operating rooms, denoted as S1, S2, and S3,

respectively. We visually extracted the circulating nurse passing medical instruments to

the scrub nurse from three actual operating room surveillance videos. The activity is a

regular interaction between the dirty and clean areas during surgery.

We cropped the visually recognizable MIP activities from three oerating room surveil-

lance videos. Table 3.3 shows summary of the cropped data. The number of MIPs is

the number of times MIP activities occurred in each surgery.

We split the data into training and test data in the proportion of 7 : 3 through

random sampling (random seed: 64). Table 3.4 shows the composition of datasets by

number of MIP activities. The training data contained 50 MIP activities and 5583 Non-

MIP activities. The test data contained 18 MIP activities and 2375 Non-MIP activities.

The ratio of the total training data to the total test data was approximately 7 : 3. Both

Table 3.2: Prediction results of the MIP activity.

Disposition
Accuracy

[%]
Precision

[%]
Recall
[%]

F-
measure

IP1 93.9 71.1 45.2 0.55
IP2 95.1 71.9 96.1 0.82

Average 94.5 71.5 70.7 0.69
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Figure 3.4: Results of the SVM model for predicting instrument passing activities in
comparison with the ground truth. The solid blue line represents the prediction result
and the dashed orange line represents the ground truth. Other lines represent other
features in terms of “distance”: the Euclidean distance of position between the two
individuals; “body”: the body orientation two individuals in relation to each other;
“arm”: the average arm flexion; and “wrist”: the minimum Euclidean distance between
the wrists of two individuals.

the training and test data had a significant bias of Non-MIP activity because there were

many combinations of STs who did not perform MIP.

3.3.2.2 Implementation

We used an SVM model to predict MIP activities in simulation experiments. We utilized

a radial basis function kernel for the SVM with gamma parameter γ and cost parameter

C set at 0.02 and 0.1, respectively. We also adjusted the ratio of the MIP and Non-MIP

activities training datasets in the training dataset such that it was 1 : 3 to prevent

overfitting of the SVM model. When we adjusted the training datasets, we split the

Table 3.3: Summary of MIP data. The number of MIPs is the number of times MIP
activities performed in each surgery.

Disposition Number of MIP

S1 20
S2 39
S3 9

Total 68
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datasets per frame, extracted all the MIP data and randomly sampled the Non-MIP

data (64 random seeds). The number of frames of training datasets for learning the

SVM model is shown in Table 3.5. These parameters were determined by a grid search

algorithm that was selected by γ: [0.01, 1.0] per 0.01, C: (0.1, 10) per 0.1, and the ratio

of MIP to Non-MIP activities: (1, 10) per 1.

In addition, we used an RNN model with LSTM, as shown in Figure 3.2. We set the

number of hidden layers of the LSTM at 512, the number of the hidden layers of Linear

1 at 128, and the number of the hidden layers of Linear 2 at 8. The loss function for

the learning model was binary cross entropy with logistic loss, which was numerically

stable for the learning model because of the log-sum–exp trick. The loss function aimed

to provide positive examples for learning biased data equally. We set the weight at (1,

16). The optimizer for the learning model was Adam [55] with learning rate lr = 0.001

and betas (β1, β2) = (0.9, 0.999). We used all the training data for the learning model,

which was different from when learning the SVM model.

3.3.2.3 Results

The prediction results of both models per frame for the test datasets are shown in

Table 3.6. The recall scores per frame of both the SVM and RNN were 36.6% and

53.5%, respectively; therefore, the RNN predicted less loss than the SVM did.

However, the evaluation per frame was too strict to evaluate the timing of the MIP

because the videos were 30 FPS. Therefore, we conducted the evaluation per event

Table 3.4: Composition of datasets by number of MIP activities. The training data had
50 MIP activities and 5583 Non-MIP activities. The test data included 18 MIP activities
and 2393 Non-MIP activities. The ratio of the total training data to the total test data
was approximately 7 : 3. Both the training data and test data contained significantly
more Non-MIP activity because there were many combinations of STs not performing
MIP.

Dataset Number of MIP Non-MIP activities Total

Training 50 5583 5633
Test 18 2375 2393

Total 68 7958 8026

Table 3.5: Composition of training datasets by number of frame of MIP activities in
actual surgical video for learning SVM model.

Datasets Number of MIP Number of Non-MIP Total

Training 1554 4662 6216
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whether there were MIP activities or not. We considered the beginning to the end of a

video for each combination of individuals as a single MIP event.

Table 3.7 shows the prediction results of both models per event for the test datasets.

The recall score per event of the RNN model was over 94%, indicating that the RNN

model accurately predicted most of the MIP activities. However, the precision score per

event of the RNN model was low, as was the evaluation per frame. Nevertheless, the

ratio of the true negatives to the false negatives was 2332 : 43 ∼ 54 : 1, indicating that

the errors in detecting passing were too small, in relation to the length of the entire test

dataset.

Figure 3.5 shows the sample results of one case of MIP activity that the SVM model,

unlike the RNN model, could not predict. The prediction made by the RNN model

was almost the same as the ground truth; the SVM model, on the other hand, failed to

predict this throughout the video. Therefore, adding temporal factors to the features

for predicting MIP activities was considered effective.

Figure 3.6 shows the samples of actual frames of operating room surveillance videos.

The MIP activities in both videos were accurately extracted. For the top, the MIP

activities between the circulator (Individual 1) and scrub nurse (individual 3) and those

between the circulator (Individual 2) and scrub nurse (Individual 4) were marked. We

confirmed that the RNN model effectively extracted the MIP activities from actual

operating room surveillance videos.

Table 3.6: Prediction scores of the MIP activity of test datasets per frame.

Disposition
Accuracy

[%]
Precision

[%]
Recall
[%]

F-
measure

SVM 99.5 35.5 36.6 0.36
RNN 98.8 22.7 53.5 0.32

Average 99.1 29.1 45.1 0.34

Table 3.7: Prediction scores of the MIP activity of test dataset per event.

Disposition
Accuracy

[%]
Precision

[%]
Recall
[%]

F-
measure

SVM 98.4 27.7 72.2 0.40
RNN 95.2 28.3 94.4 0.44

Average 96.8 28.0 83.3 0.42
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Figure 3.5: Sample results of one case of MIP activities the SVM model could not
predict while RNN model could. The solid blue line represents the prediction result
and the dashed orange line represents the ground truth. Other lines represent features
in terms of “distance”: the Euclidean distance of position between the two individuals;
“body”: the body orientation between two individuals; “arm”: the average arm flexion;
and “wrist”: the minimum Euclidean distance between the wrists of two individuals.

3.4 Discussion

We used the SVM model for experiments using simulation and actual operating room

surveillance videos. The performance of the model on both videos varied. For instance,

the average recall scores of the SVM model on the simulation and actual videos were

70.7% and 36.6%, respectively. Actual operating room surveillance videos have more

variety of patterns of placements than simulated cases. Figure 3.7 shows the scatter

plots of features S. In the simulated videos, the feature combinations of body distance

and arm flexion, body orientation and arm flexion, and arm flexion and wrist distance

of MIP and Non-MIP activities were clearly distinct. However, in the actual operating

room surveillance videos, the features were not different. Therefore, the separating the

hyperplane of the SVM proved inadequate.

Through experiment on an actual surgical video, we established that the RNN ef-

fectively learned about temporal changes in the features. We input the features of the

last of 30 frames into the model. The recall score per frame improved by 16.9% and

the recall score per event increased by 22.2%. Therefore, using the temporal context of

features effectively improved the prediction results.
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Figure 3.6: Samples of actual frames of operating room surveillance videos. For the top,
MIP was marked between the circulator (Individual 1) and the scrub nurse (Individual
3). At the bottom, MIP was marked between the circulator (Individual 2) and scrub
nurse (individual 4).

However, when an individual was occluded by equipment, the RNN model could

not predict the passing activity correctly, as shown in Figure 3.8. Therefore, another

model has to be used to predict the activity of occluded members based on past activity

features; another option is to install another camera in the operating room to cover the

occlusion area. Additionally, it is difficult to recognize objects in the operating room

surveillance camera footage as it does not clearly show which medical instruments are

being handed over. We believe this issue can be resolved by making changes such as

using high-resolution cameras capable of recording 4K video or installing cameras above

the scrub nurse.
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Figure 3.7: Scatter plots of MIP features S, Left: simulated videos; Right: actual
operating room surveillance videos. Red and blue points are MIP activity features and
Non-MIP activity features, respectively.
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Circulator Monitor

Figure 3.8: Sample failure result of estimation of operating room surveillance videos.
The circulator was occluded by the monitor and was, therefore, undetected by pose
estimation.

3.5 Conclusion

In this chapter, we proposed an MIP recognition model using individual activity features

extracted in Chapter 2. In the experiments, we prepared and trained the model with

both a simulation dataset and a dataset of actual surgical videos. The model was able to

recognize MIP with high accuracy for both datasets. Additionally, using the proposed

method, we found that it is also possible to recognize collaborative activities performed

by two people facing each other.



Chapter 4

Group Attention

4.1 Introduction

In this chapter, we present the group attention (GA) estimation methods. During the

smooth progress of surgery, attention is mostly focused on the surgical field. However,

during preparation, cleanup, or emergencies, when many surgical team members are en-

tering and exiting, attention is likely directed away from the surgical field. We considered

that by estimating the gaze direction from surgical team members’ facial direction and

detecting the objects or areas being focused on, it is possible to detect events occurring

during surgery.

We use the individual activity features (body position, face orientation) extracted

in Chapter 2. From the time series positions and face orientations of each individual,

we estimate where their gaze is directed on the top-down view of the operating room.

Using the gaze estimation results for all individuals in the operating room, we visualize

the heat-map of focused area on the top-down view of the operating room. We visualize

how much attention the coordinates of surgical-related objects manually provided are

received.

4.2 Methods

Given a point X, the viewing length lX of individual Ii and the viewing angle θX of

individual Ii are defined as follows:

li|X = dis(X,Pbody i)

θi|X = cos(v⃗face i,X−Pbody i)

31
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Figure 4.1: Diagram of viewing field of individual Ii at Frame t. A point X in the
example in this figure, |θi|X| ≤ ϕ, and li|X > µ, where ϕ = 10 deg and µ = 150 px.
Thus, pi,t|X was calculated using the middle case of Equation 4.1.

𝐼!

𝐼"
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Figure 4.2: Diagram showing estimating attention score sn|T of On at frame T . In the
example shown in this figure, there were three individuals, I1, I2, and I3. The attention
probability of pT |X = 3 because X was in the view field of all three individuals.

where i represents the individual number.

The attention probability pi,t|X of a point X by individual Ii at frame t was

pi,t|X =



1, if |θi|X| ≤ ϕ and li|X ≤ µ

exp−
(li|X − µ)2

2σ2
, else if |θi|X| ≤ ϕ and li|X > µ

0, else

(4.1)

where µ = 150 px, σ = 50 px, and ϕ = 10 deg. Figure 4.1 shows the diagram of viewing

field.

The attention probability pT |X of a point X at frame T was aggregated as the moving

average of the attention probability of all the individuals in the last 30 frames (1 sec).
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pT |X =
1

30

T∑
t=T−30

∑
i∈I

pi,t|X (4.2)

In addition, we assigned the object points that were recognized visually in actual op-

erating room surveillance videos. We estimated how individuals paid attention to an

object in the operating room.

wn|X gives a weight between an object point On = (xo, yo) and a point X by

wn|X = exp−(x− xo)
2 + (y − yo)

2

2σ2
(4.3)

where σ = 50 px.

Thus, the attention score sn of an object point On at frame T was calculated based on

the weighted average as follows:

sn|T =

∑
X∈R2

wn|X · pT |X∑
X∈R2

wn|X
, (4.4)

Figure 4.2 shows the diagram of the estimated attention score sn|T .

4.3 Experiments

The effectiveness of the proposed models for predicting GA activities was investigated

in experiment on group activity, which is described in this section.

4.3.1 Simulated Videos

4.3.1.1 Datasets

Because real operating room surveillance videos is not suitable for the purpose of this

experiment due to complex on-site situations, we first use videos simulated by actors

conducting the target activities. For group attention, we recorded videos in which mul-

tiple actors gazed at different objects and on the same object. A monitor O1 and a

desktop computer O2 were placed at the two corners of the room. An operating table

O3 was positioned in the center of the room, as shown in Figure 4.3.
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Figure 4.3: Images (a) showing the positions for group attention GA1 (orange), GA2
(violet), and GA3 (light blue), and (b) the actual frame of GA1.

Each iteration took 20s and in the first 10s, all three actors were looking at different

objects O1, O2, and O3. However, in the last 10s, they focused on the same objects,

O1, O2, and O3, according to the iteration. We also instructed the actors to perform

iterations with three placements, GA1 (orange), GA2 (violet), and GA3 (light blue),

as shown in Figure 4.3, which resulted in 3 × 3 = 9 datasets in total. As there was

no training process for the group attention estimation, all the data were sent to our

estimation model as test data.

4.3.1.2 Results

Figure 4.4 shows the histograms of the attention score results. The top, middle, and

last row show the results for GA1, GA2, and GA3, respectively. The legend, “On-

N/A”, denotes that the actors were not paying attention to On and “On-A” paying

attention to On.

Across all the experiments, the mean of the distribution of the attention scores of O3

was higher than that of O1 and O2. Specifically, the mean of both O1-A and O1-N/A

was approximately 0.1, the mean of O2−A was approximately 0.1, and that of O2-N/A

was approximately 0.5; the mean of both O3-A and O3-N/A is approximately 1.0.

We confirmed that there was a significant difference between On-A and On-N/A

in each result to clearly determine whether attention is being paid to an object or

not. We set the null and alternate hypotheses as µn-A = µn-N/A and µn-A > µn-

N/A, respectively, and tested the one-sided Mann-Whitney U test. Table 4.1 shows the
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GA1

GA2

GA3

Figure 4.4: Histograms of attention score results. The top, middle, and last rows show
the results for GA1, GA2, and GA3, respectively. The legend of “On-N/A” denotes
that the actors were not paying attention to On and “On-A” paying attention to
On, where n = 1, 2, 3.
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results of the p-values obtained through the Mann-Whitney U test. The p-values of O3

for GA1, O3 for GA2, and O1 for GA3 were p < 0.05; therefore, the null hypothesis

was rejected. There were significant differences in µn-A > µn-N/A for the attention

scores between On-A and On-N/A. However, because the p-values of the others were

p > 0.05, the null hypothesis was accepted and there were no significant differences to

µn-A > µn-N/A for the attention scores between On-A and On-N/A. Specifically, with

regard to O2, µ2-A < µ2-N/A was confirmed for all the experiments because all the

p-values were p = 1.0 and the histogram in Figure 4.4.

Figure 4.5 shows the actual video frames in the last 10s of GA1. For both the

heatmaps of the attention probability ofO1 orO2, because there was no overlap between

the view fields of the actors or object points, the attention scores of O1 and O2 were

lower. However, for the heatmap of the attention probability of O3, there was a crowded

area in the view fields of actors near the object point. Therefore, the attention scores of

O3 were higher than those of O1 and O2.

4.3.2 Real Operating Room Surveillance Videos

4.3.2.1 Datasets

We used three videos recorded in three operating rooms, denoted as S1, S2, and S3,

respectively. Table 4.2 shows the summary of the GA data. We visually extracted three

objects that were the focus of attention in each surgery. We cropped two one-minute-

long videos (30 FPS × 60s = 1800 frames), one with the surgical team members focusing

on each object and another in which they did not focus on any objects.

Figure 4.6 shows the placements for the actual operating room surveillance videos.

The objects in S1 were O1, a monitor under the surveillance camera; O2, a dissection

table where STs were carried out following the excision of the affected part; and O3,

the operating table. The objects in S2 were O1, a PC placed to right-back from the

surveillance camera; O2, the dissection table where STs were performed after excision

of the affected part; O3, the operating table. The objects in S3 were O1, a monitor

Table 4.1: P-values of one-sided Mann-Whitney U comparison test of the attention
scores of On-A and those of On-N/A of GA1, GA2, and GA3. The null hypothesis
was set at µn-A = µn-N/A, and the alternative hypothesis was set at µn-A > µn-N/A.

O1 O2 O3

GA1 p =1.000 p =1.000 p =0.000
GA2 p =0.769 p =1.000 p =0.000
GA3 p =0.000 p =1.000 p =1.000
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Figure 4.5: Actual video frames in last 10s of GA1. The top panel shows that the actors
were looking at O1 (monitor). The middle shows that the actors were looking at O2

(PC). The bottom panel shows that the actors were looking at O3 (Operating Table).

under the surveillance camera; O2, a PC placed near the monitor; and O3, the operating

table. The videos where attention was not paid to any of the objects were cropped out

of the videos of the actors preparing for surgery because they were performing various

individual tasks in the operating room.

4.3.2.2 Results

Figure 4.7 shows the histograms of the attention score results. The top, middle, and

bottom row shows the results for S1, the middle row shows the results for S2, and

the bottom row shows the results for S3. The legend of “On-N/A” denotes that the

actors were not paying attention to On and “On-A” indicated that they were paying

attention to On.
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Figure 4.6: Placement of objects of focus in actual operating room surveillance videos.
(a) The objects in S1 wereO1, a monitor under the surveillance camera; O2, a dissection
table where STs were carried out following the excision of the affected part; and O3,
the operating table. (b) The objects in S2 were O1, a PC placed to right-back from the
surveillance camera; O2, the dissection table where STs were performed after excision
of the affected part; O3, the operating table. (c) The objects in S3 were O1, a monitor
under the surveillance camera; O2, a PC placed near the monitor; and O3, the operating
table.

Across all the cases, the results indicated that the distribution of the attention score

of On-A was biased toward higher values than the attention score of On-N/A was. We

set the null hypothesis as µn-A = µn-N/A, and the alternative hypothesis as µn-A >

µn-N/A. We conducted the one-sided Mann-Whitney U test whose result is shown in

Table 4.3. With all p < 0.05, there were significant differences in all the results and the

attention scores of On-A were biased higher than the attention score of On-N/A.

Figure 4.8 shows the video frames for the experiment S3 conducted to compare O1-A

Table 4.2: Summary of GA data. The objects of focus in each surgery are indicated. The
GA frame is the total number of frames for the group attention activities. The Non-GA
frame is the total number of frames where the participants did not pay attention to any
particular object. Each video was cropped to be one-minute long (30 FPS × 60s = 1800
frames).

Disposition Object of Focus GA Frame Non-GA Frame

S1
Monitor 1800 1800

Dissection Table 1800 1800
Operating Table 1800 1800

S2
PC 1800 1800

Dissection Table 1800 1800
Operating Table 1800 1800

S3
Monitor 1800 1800

PC 1800 1800
Operating Table 1800 1800
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with O1-N/A. In the case in O1-N/A (top), because none of the surgical team members

were looking at O1, the heatmap of the attention probability showed nothing around

O1. In the case in O1-A (bottom), because some members gathered around O1 and

gazed at O1, the heatmap of the attention probability was accumulated on O1. This

result indicates that the proposed model was effective for recognizing the area and the

objects of focus.

4.4 Discussion

When the surgical team members were not huddled together or gazing in the same direc-

tion, as in the top and middle of Figure 4.5, or they were not looking at any particular

object, such as in the top of Figure 4.8, there was no crowded area of attention proba-

bility. On the other hand, when the surgical team members were converged in a spot or

looking towards one particular direction, as shown at the bottom of Figure 4.5 and the

bottom of Figure 4.8, there was a crowded area of attention probability. Therefore, the

attention probability estimated by the proposed method was effective for predicting the

gaze area of the surgical team members.

However, because we did not implement any object tracking in our experiment,

the attention scores of objects were inferred from the predefined object positions. It

is necessary to integrate object tracking algorithms to enable fully automated group

attention recognition. This may be achieved by implementing object tracking models

using neural networks [56–58] along with an optical flow for object recognition.

By investigating the experiment data, we observed that the pose estimation accu-

racy varied according to the individual orientation. For the situation results, refer to

Section 4.3.1.2. When the surgical team members were gazing at O1, which was under

the surveillance camera, the camera captured their faces clearly; thus, we received ac-

curate ear and nose estimation, which led to high face orientation estimation accuracy.

As can be observed in the top of Figure 4.9, on the average, the confidence scores of the

estimation of the nose, left ear, and right ear points on GA1 - O1 were ≥ 90%.

Table 4.3: P-values of one-sided Mann-Whitney U test for the comparison of the atten-
tion scores of On-A and those of On-N/A of S1, S2, and S3. The null and alternative
hypotheses were set as µn-A = µn-N/A and µn-A > µn-N/A, respectively.

O1 O2 O3

S1 p =0.000 p =0.000 p =0.000
S2 p =0.000 p =0.000 p =0.000
S3 p =0.000 p =0.000 p =0.000
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S1
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Figure 4.7: Histograms of attention score results. The top, middle, and bottom rows
show the results for S1, S2, and S3, respectively. The legend of “On-N/A” denotes
that the surgical team members were not paying attention to On and “On-A” denotes
that they were paying attention to On.
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Figure 4.8: Actual video frames of S1 - O1. The top shows the frame where all team
members were not looking at the O1(monitor) and the bottom row shows the frames in
which some team members gathered around the O1(monitor), gazing at it.

However, when the surgical team members turned their faces sideways or backwards

to gaze in other directions, for example, O2 and O3, the camera could not capture

the facial parts clearly. The top of Figure 4.9 also shows the confidence scores of the

estimation of the nose, left ear, and right ear points on GA1 - O2. As can be observed,

the confidence score of the right ear was lower than 80% because the right ear was

occluded.

As the proposed group attention recognition model relied on individuals’ face orien-

tations, the face orientation estimation accuracy decreased when the facial features were

not tracked accurately, as shown in Figure 4.10.

The performance of the proposed model can be improved by improving the face-

orientation estimation. In the experiment, we used a single surveillance camera that

provided only 2D information. The face orientation estimation can be improved by in-

stalling another camera to achieve 3D tracking or by applying machine-learning methods

to infer 3D information from 2D images [59–63].

In addition, to estimate the viewing field of an individual, we set a threshold viewing

length of 100 px and a viewing angle of 20° as the gaze region for each individual

corresponding to their face orientation. However, these parameters were set by manual

tuning. Thus, it is necessary to consider an optimization method.
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GA1-O1 GA1-O2

Figure 4.9: (Top) Image showing boxplots of the confidence scores of the pose estimation
of the nose, left and right ear points in the simulated videos. (Bottom) The actual
frames of GA1 - O1 and GA1 - O2. For GA1 - O1, because the actors were facing
the surveillance camera, the confidence scores were high. However, for GA1 - O2, the
confidence score of the right ear was low because the actors turned sideways from the
surveillance camera.

Wrong

Expected

Figure 4.10: Wrong face orientation sample. The face orientation of Individual 1 (red
arrow) was turned left. However, the expected face orientation is indicated by an orange
arrow.
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4.5 Conclusion

In this chapter, the group attention is estimated from the face orientations of surgical

team members, and the areas where the surgical team members’ gazes overlap are in-

ferred. Additionally, the positions of several objects were preset, and the amount of

attention each object received was quantified. From the experiments, it was found that

estimating the group attention is effective for detecting the areas and objects that the

surgical team members are focusing on.



Part II

End-to-End Individual Activity

Recognition

44
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In Part I, we proposed group activity recognition models that recognize interactions

among surgical team members using time series keypoints of individual activities. In

this part, we focus on extracting individual activity features and roles using a neural

network-based activity recognition model

As mentioned in Section 1.5, intraoperative individual activities often involve stand-

ing still, with roles assigned to specific positions. This results in many ambiguous

activities that are difficult to distinguish, making annotation for supervised learning

challenging. To address this, we analyze individual activities captured in operating

room surveillance videos by training autoencoder- and VAE-based neural network mod-

els. We use operating room surveillance video that progressed smoothly as input data

for these learning models.

In Chapter 5 explores rare intraoperative activities using an anomaly detection ap-

proach. By inputting time series bounding boxes and keypoints into an autoencoder,

we identify rare activities based on large reconstruction errors. Chapter 6 focuses on

clustering individual activities of surgical team members using an unsupervised model.

We analyze the impact of two feature types, visual and spatial, on activity clustering.

Chapter 7 classifies the roles of surgical team members using semi-supervised learning.

By integrating role-specific latent feature spaces into a VAE-based model, we extract

activity features corresponding to each role.



Chapter 5

Unsupervised Anomaly

Estimation

5.1 Introduction

In this chapter, we estimate the degree of abnormal activity. When the surgery is pro-

ceeding smoothly, the positions and poses of the surgical team members hardly change.

On the other hand, when events such as emergencies occur, more people move actively,

such as preparing for a transfusion.

A model trained to reconstruct individuals with little change in position or pose is

used to estimate the reconstruction error as an anomaly score. The reconstruction error

for surgical team members exhibiting rare activities during surgery will be large. We

hypothesized that changes in the proportion of people with high reconstruction errors

in the operating room could indicate events or changes in situations during the surgery.

In this chapter, we propose a model that takes the key points obtained from human

bounding boxes and pose estimation as inputs and outputs reconstruction results using

self-supervised learning. The model combines an autoencoder with a GAN (Generative

Adversarial Network) structure. GAN is a type of generative model that can produce

high-precision samples. It enhances the reconstruction results of the autoencoder, en-

abling highly reliable abnormal activity estimation.

46
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5.2 Related Work

5.2.1 Reconstruction-Based Human Activity Anomaly Detection

By training the model on frequently occurring activities (normal activities), it can recon-

struct them with high accuracy. When predicting rarely occurring activities (anomalous

activities), the reconstruction error increases, indicating a higher degree of anomaly.

Using unsupervised learning models such as autoencoders (AEs), the model learns to

reconstruct only normal activities.

Gatt et al. [64] utilized Long Short-Term Memory (LSTM) and 1D convolution

(1DConv)-based AE models to detect abnormal human activities, including falls. Temur-

oglu et al. [65] proposed a skeleton trajectory representation to handle occlusions and

an AE framework for detecting abnormal pedestrian activity. Suzuki et al. [66] trained

a convolutional autoencoder (CAE) based on children’s good gross motor movements to

detect poor limb movements as anomalies. Jiang et al. [67] presented a message-passing

GRU (Gated Recurrent Unit) encoder-decoder network to detect and identify abnormal

pedestrian activity in videos captured at grade crossings. The identification of anomalous

pedestrians within a frame was done by identifying skeletons with reconstruction errors

exceeding an empirical threshold.

AEs trained on normal data are typically expected to yield higher reconstruction

errors when encountering anomalous inputs. This principle is often used as a criterion

for detecting anomalies. However, this assumption does not always hold true in practice.

Occasionally, AEs might successfully reconstruct the anomalies, which can lead to false

negatives [68].

5.2.2 Our Motivation

During surgery proceeds smoothly, the positions and poses of the surgical team members

rarely change. However, in emergencies, supporting surgical staff move significantly

around the operating room. We consider that the activities within minimal changes in

position and poses as normal activities. Because of their low complexity, it is possible

that the model can reconstruct them with high accuracy. Conversely, activities involving

significant movement around the operating room are considered anomalous, leading to

higher reconstruction errors.
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Figure 5.1: System flow comprising two components: 1) pose estimation and tracking,
and 2) GAN-based individual activity recognition.
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Figure 5.2: The architecture of GAN-based individual activity recognition model which
consists of (a) generator and (b) discriminator.

In this chapter, we combined the structure of GAN (Generative Adversarial Net-

works) with AE to create a model capable of higher accuracy reconstruction. By incor-

porating adversarial loss from the GAN discriminator, the AE can reconstruct the data

more precisely.

5.3 Methods

This section introduces the details of our method. Figure 5.1 shows system flow of

proposed method which is composed of two major components: 1) pose estimation and

tracking, and 2) activity anomaly estimation using time-sequential prediction.

5.3.1 Pose Estimation and Tracking

Firstly, we extract bounding boxes and key points of each individual from operating

room surveillance videos as shown in Figure 5.1. We used YOLOX [69] for extracting
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bounding box, High-Resolution Net (HRNet) [70] for pose estimation, and COCO [54] for

the key points which includes 5 face points and 12 body points. We also used UniTrack

[71] to track individuals’ key points, the results are shown by yellow color numbers.

5.3.2 Activity Anomaly Estimation using Time-Sequential Prediction

We define individual activity anomaly as reconstruction error between real data and

reconstructed data generated by GAN. Figure 5.2 shows the architecture of our indi-

vidual activity anomaly estimation model which is similar to skip-GANomaly [72]. We

customized the architecture to use the transformer layer [73] instead of a convolutional

neural network.

The model is fed with time-sequential input features x into the model. The dimension

of x is (t, n, 2), where t is the number of frame and n is the number of points. All points

are calculated in two-dimensional coordinates. The generator consisted of a transformer

encoder GE and a transformer decoder GD, which is able to predict fake activity data

x̂. The discriminator D consisted of a transformer encoder, which catches the input

x or x̂ and predicts if the input is real or fake. GE and D have internal parameters

that are noise parameters (Noise) and class token (CLS), respectively. All of them have

same embedding layers and positional embedding layers. The embedding layer consists

of two pointwise convolution layers. The first one convolutes the coordinates of x to

one-channel value, while the second one extracts distributed representation of x in each

frame t. Positional embedding layer uses learnable absolute positional encoding [74].

Finally, we estimate individual activity anomaly scores using the mean squared error of

x and x̂.

5.4 Experiments

5.4.1 Dataset

Out of surveillance videos (30 FPS) from 6 operating rooms, we selected and cropped

40 pieces of short videos of which each long for 3 minutes. Half were used as training

datasets where the surgeries proceed smoothly, and the other half were test datasets

including pre- and post-operative phases, and temporary suspending.

We fed two types of 10 seconds (t = 300 frames) of x into our model. The first

one was bounding box that was scaled by dividing by the frame size of surveillance

video. The second one was key points that was substituted by the top-left corner of the



5 Unsupervised Anomaly Estimation
5.4 Experiments 50

bounding box and scaled by dividing by the size of bounding box. We trained our model

on each dataset.

5.4.2 Implementation

The embedding layer consists of pointwise convolution and position encoding, the em-

bedding dimension was 256. All Transformer layers were set as same parameters, the

number of attention heads was 8, the number of dimension of feed-forward network was

1024, the dropout rate was 0.1, and the activation layer was Scaled Exponential Linear

Unit (SELU). The dimensions of latent features zG and zD were 32. We trained the

models while 100 epochs with batch size of 4096. The contextual-loss was changed to

Mean squared Error from skip-GANomaly [72]. The optimizer for the learning model

was Adam. The learning rate was lr = 0.001, and betas were (β1, β2) = (0.5, 0.999).

5.4.3 Results

The anomaly scores are shown in Figure 5.3: (a) one of training datasets which shows

proceeding smoothly, and (b) one of test datasets which shows temporary suspending.

For the top of Figure 5.3 (a), there were two peaks on the orange line (tracking

ID: 272), in which several activities occurred such as walking, throwing away trash,

crouching, and stepping up. Figure 5.4 (a) shows the results of x and x̂ indicated by

the red arrow of Figure 5.3 (a). In this situation, the circulator did two activities: (1)

changing the position of the stage while crouching, and (2) stepping up on the stage.

Then, the bounding box results indicates there were large errors between real bounding

boxes and fake bounding boxes. However, for the bottom of Figure 5.3 (a), all of the

lines are under 0.65. The bottom of Figure 5.4 (a) indicates there were little errors

between real key points and fake key points.

For the top of Figure 5.3 (b), anomaly scores of the blue line (tracking ID: 34), the

orange line (tracking ID: 39), and the green line (tracking ID: 56), exceeded 0.05. In

addition, for the bottom of Figure 5.3 (b), anomaly scores of the green line (tracking

ID: 56), the yellow line (tracking ID: 82), and the gray line (tracking ID: 81) exceeded

0.1. Several activities also occurred at the point of high anomaly score such as walking,

crouching and medical instrument passing. Figure 5.4 (b) shows the red arrow of Fig-

ure 5.3 (b) in which the circulator counted gauze while crouching. For Figure 5.3 (b), as

she remained same position for 300 frames, little errors the bounding box results were

occurred. However, large errors of the key points results were occurred.
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(a) (b)

Figure 5.3: The result samples of anomaly score: (a) training dataset and (b) test
dataset. The top of each result was estimated by bounding boxes. The bottom of each
result was estimated by key points. The labels are tracking IDs. The red arrows show
the situation of Figure 5.4 (a) and (b).

(a) (b)

Gauze Counting(1) Changing Position (2) Stepping Up 

(1) 

(2) 

Figure 5.4: The real data and fake data indicated by the red arrows in Figure 5.3: (a)
training datasets and (b) test datasets. Green and red lines show the real data and the
fake data, respectively. The top of each shows the top-left corner of bounding box and
the bottom of each shows key points at 30 frames (1 sec) intervals.

5.5 Discussion

When the anomaly scores from bounding boxes were observed high, large movement

activities occurred such as walking around. When surgery was proceeding smoothly, the

surgical team members did hardly move except for the circulator. Figure 5.3 (a) indi-

cates that the surgery proceeded smoothly because the anomaly score of the circulator

(tracking ID: 272) was high. As shown in Figure 5.3 (b), there were several high anomaly

scores because surgical team members temporarily went away from the operating table.

It is indicated that the prediction using bounding boxes is suitable for detecting and

estimating regional movements of the individuals.
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Based on the bottom of Figure 5.3 (b), we looked into the videos and found some

error peaks in the anomaly scores extracted from key points. It is caused by occlusion

in the videos, except for some cases where the surgical team members were clear to the

camera or avoiding the occlusion occasionally, e.g. the member crouching and counting

gauze in Figure 5.4. Therefore, the prediction using key points could hardly be used to

detect unique activities in the surgery. We will look into masking low confidence key

points to solve this issue.

In this paper, we utilized cropped videos which do not include any irregular events.

In future, we will extend and improve our activity prediction to fit for detecting unex-

pected and urgent events by applying our model to videos including irregular issues and

analyzing the anomaly scores with other latent features.

5.6 Conclusion

In this chapter, we investigated automatic analysis of intraoperative activities from

surveillance videos of operating rooms. We proposed a novel method to automatically

estimate individual activities using anomaly estimation based on time-sequential pre-

diction. We evaluated the performance of the model with two types of time-sequential

features: the bounding boxes and the key points. Experiment results show that the

bounding boxes are suitable for predicting and detecting regional movements, while the

anomaly scores using key points can hardly be used to detect activities.



Chapter 6

Unsupervised Activity Clustering

6.1 Introduction

The positions of the surgical team members are determined by their roles during the

surgery. For example, the surgeon and the scrub nurse are positioned around the surgical

field, and their positions do not change much during the operation. The anesthesiologist

mostly stays in front of the anesthesia machine, continuously monitoring the patient.

The circulator moves around a lot, carrying medical instruments in and out of the

operating room and handing them to the scrub nurse. We believe that we can extract

and model the activity features of each role. Furthermore, by analyzing the activity

changes of surgical team members based on their roles, we can detect incidents during

surgery, recognize situations such as busyness, and contribute to improving the safety

and efficiency of surgeries.

However, surgeries require surgical team members to stand for prolonged periods or

perform minimal but different activities based the role of each member, which makes dis-

cerning their activity challenging. Annotating such data requires input from experienced

surgical personnel, resulting in high costs. Furthermore, because surgical procedures

typically last for multiple hours, manual visual annotation is not feasible [42].

To tackle this issue, we propose a novel unsupervised model that enables activity

classification for long videos such as operating room videos, without the need of anno-

tation. Our model inputs video frames and optical flow into an autoencoder using I3D

[32], and extracts visual features of individual activities with RoIAlign [75]. Our model

also takes advantages of spatial features which we consider crucial for recognizing human

activities. In surgical rooms, there are distinct spatial characteristics, with individuals

positioned around the surgical table. For example, surgeons and scrub nurses are at the

53
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operating table, anesthetists are positioned at the head of the patient, and circulators

move freely in and out of the operating room. In our model, we enhance the recogni-

tion accuracy by incorporating spatial features specific to surgical environments. As a

simple feature, we manually specify the central coordinates of the operating tables and

calculated the L2 norm between each center of individual’s bounding box and the center

of the operating table.

6.2 Related Work

6.2.1 Deep Clustering

Numerous studies have focused on unsupervised learning methods for image classifica-

tion. With the advancement of neural networks, methods, such as deep autoencoder-

based (DAE-based) [76–81], variational autoencoder-based (VAE-based) [82–85], gener-

ative adversarial network-based (GAN-based) [86–88], and graph neural network-based

(GNN-based) [89–91], can achieve superior accuracy in image classification compared to

that of classical approaches. In DAE-based methods, deep neural networks composed

of autoencoders are used to extract features and perform clustering. These methods

have two variants, namely methods incorporating clustering algorithms such as k-means

alongside the autoencoder [76–78] and methods simultaneously learn dedicated cluster-

ing layers [79–81]. VAE-based methods optimize the probability distribution of latent

features. In most models, optimal solutions related to the evidence lower bound (ELBO)

are used [92]. GAN-based methods involve adversarial training of a generator and dis-

criminator. These techniques can also be used in clustering. The categorical GAN

(CatGAN) [86] is notable in distinguishing fake data and data belonging to specific

categories. GNN-based models associate feature vectors with graph vertices and learn

similarity between vertices. Data with similar features exhibit proximity, resulting in

close distances between vertices. In GNNs, structural information is captured from

graphs, enabling intrinsic learning of data relationships.

These methods offer diverse approaches to unsupervised image classification, each

with unique strengths and applications.

6.2.2 Our Motivation

Previous approaches to HAR have relied on supervised learning or semi-supervised learn-

ing using datasets such as the collective activity [93] dataset and volleyball dataset [22].

However in the context of real-world operating room videos, the traditional supervised
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learning is not well-suited. Surgeries vary based on techniques, surgical team mem-

bers, and operating room equipment, making robust learning difficult. Additionally, the

movements of surgical team members often involve prolonged periods of standing, which

makes them challenging to discern. Furthermore, accurately annotating long-term surg-

eries via manual observation is a formidable task. Consequently, annotating these videos

requires the expertise of experienced surgeons, resulting in high annotation costs.

The objective of our study is to achieve activity recognition through completely

unsupervised learning without annotation. While various deep clustering methods ex-

ist for unsupervised clustering of video sets, the target operating room video analysis

requires clustering of the individuals appearing in each frame. Therefore, directly ap-

plying existing HAR models and deep clustering models to the scenarios discussed is

still challenging.

Furthermore, existing HAR methods have primarily used visual features extracted

by I3D. However, spatial context has been ignored in the previous studies [33–36]. De-

pending on the video domain (e.g., sports), the arrangement of individuals within the

frame can be predetermined by their roles in the team, rendering spatial features cru-

cial. Surgical team members are also arranged by their roles. For example, surgeons

and scrub nurse are placed around the operating table, anesthetist is placed in front

of the anesthesia machine, and circulator moves around the operating room. To ad-

dress this gap in literature, our method combines visual features obtained using I3D

[32] and RoIAlign [75] with semi-manually extracted spatial features. We then use a

centroid-based model to obtain individual features and perform clustering.

6.3 Methods

6.3.1 Model Architecture

Figure 6.1 shows the architecture of the proposed model. The model consists of a) two

autoencoders AEϕ,frame and AEϕ,flow, and b) clustering layer CLθ.

6.3.1.1 Autoencoder

The top autoencoder AEϕ,frame for the RGB frame inputs the RGB frames Xframe ∈
RT×w×h×d, and outputs the reconstructed RGB frames X̂frame ∈ RT×w×h×d, where T

denotes the number of frames, w denotes the width of frames, h denotes the height of

frames, d denotes the dimension of frames, and ϕ denotes the learnable parameters.
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Figure 6.1: Overview of the proposed model. Visual features are extracted from two
autoencoders (RGB frame, optical flow). In the clustering layer, individual features are
extracted from the given bounding boxes, and spatial features from the center of the
operating table and the center are added. Finally, the cluster number of each individual
is output.
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Figure 6.2: Model architectures of (a) Decoders and (b) Clustering Layers.

Similarly, the bottom autoencoder AEϕ,flow for the optical flow inputs the opti-

cal flows Xflow ∈ RT×w×h×d, and outputs the reconstructed optical flows X̂flow ∈
RT×w×h×d. We used Gunnar Farnebäck’s algorithm [94] for computing optical flows.

The parameters are set as follows: scale=0.5, level=3, window size=15, iterations=3,

number of poly=5, sigma of poly=1.2.

Each autoencoder differs only in the input/output dimension (RGB frame: d = 3,

optical flow: d = 2). The encoder consists of up to Mixed 3c layers of I3D. The decoder

consists of four layers combining 3D transposed convolution, batch normalization, and

leaky ReLU, 3D transposed convolution and tanh layers, as shown in Figure 6.2 (a).

The two autoencoders extract RGB frame feature Zframe ∈ RTz×wz×hz×dz and opti-

cal flow feature Zflow ∈ RTz×wz×hz×dz respectively, where Tz denotes the length of I3D
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outputs, wz denotes the width of I3D outputs, hz denotes the height of I3D outputs,

and dz denotes the dimension of I3D outputs (for ”Mixed 3c”, dz is fixed at 480). The

visual feature Zvis is obtained by adding features Zframe and Zflow.

6.3.1.2 Clustering Layer

Figure 6.2 (b) shows the details of the clustering layerCLθ, where θ denotes the learnable

parameters. First, the average pooling layer is applied to Zvis in the time axis direction.

Second, RoIAlign is applied to Zvis to extract the features zvis 1 · · · zvis n in the bounding

boxes B ∈ R2×2×n, where n denotes the number of individuals in the frame. B consists

of top-left corner and bottom-right corner points of individuals and is extracted on the

last frame of Xframe by YOLOv8 [95]. Third, for each zvis i(i ∈ 1 · · ·n), embedding vis

layer is applied to embed individual visual feature Ivis i ∈ Rdi , and Ivis is obtained

by collecting Ivis 1 · · · Ivis n, where di denotes the dimension of individual feature and

i ∈ 1 · · ·n.

The L2 norm between the center of the operating table and the center of each in-

dividual bounding box are input as Zspc to add spatial feature. First, Embedding spc

layer is applied to embed individual spatial feature zspc i to get Ispc i ∈ Rdi . Second,

Ivis i is inputted as query and Ispc i is inputted as key and value into the multihead

attention layer to fusion visual feature and spatial feature to obtain Ii. I is obtained by

collecting Ii.

We train our model by two patterns; a) using only visual feature Ivis i and b) using

both visual and spatial features Ii.

6.3.2 Clustering Algorithm

We considered the model with reference to Xie et al. [79]. The proposed model has k

cluster centroids µ ∈ Rk×di . We calculated the similarity probability of Ii and µj as soft

distribution sij ∈ S by using student’s T-distribution as follows:

sij =
(1 + ∥Ii − µj∥2/α)−

α+1
2∑

j(1 + ∥Ii − µj∥2/α)−
α+1
2

, (6.1)

where i denotes the index of individuals, j denotes the index of cluster centroids, and α

denotes the freedom of student’s T-distribution. Target distribution tij ∈ T is defined

as follows:
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tij =
s2ij/

∑
i sij∑

j(s
2
ij/
∑

i sij)
, (6.2)

where tij is defined by sij . By learning the model to match S with T, the proposed

model is trained to cluster individuals. Finally, clustering results ci ∈ C is defined as

follows:

ci = argmax
j

sij (6.3)

6.3.3 Loss Functions

Reconstructive loss functions are defined as the mean squared error (MSE) of the input

and output images of the respective autoencoder. The RGB frame loss function lrframe

is calculated by the MSE between input RGB frames Xframe and reconstructed RGB

frames X̂frame. The optical flow loss function lrflow is calculated by the MSE between

input optical flows Xflow and reconstructed optical flows X̂flow.

lrframe = MSE(Xframe, X̂frame) (6.4)

lrflow = MSE(Xflow, X̂flow) (6.5)

Clustering loss lc is calculated by the KL-divergence between soft distribution S and

target distribution T.

lc = KL(S||T) (6.6)

6.3.4 Training Algorithm

First, autoencoders are pretrained to stabilize learning by Algorithm 1. Second, encoder,

decoder, and clustering layer are trained by using various loss functions by Algorithm 2.

6.4 Experiments and Results

6.4.1 Dataset

The dataset was created from surveillance camera installed in operating rooms of Kyoto

University Hospital. Table 6.1 presents the contents of the dataset. The training data
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Algorithm 1 Pretraining Autoencoders

1: Inputs: (Xframe,Xflow)
2: Outputs: None
3: Training loop:
4: while epoch < 200 do
5: 1. Forward autoencoders:
6: X̂frame ← AEϕ,frame(Xframe)

7: X̂flow ← AEϕ,flow(Xflow)
8:

9: 2. Calculate losses:
10: lrframe = MSE(Xframe, X̂frame)

11: lrflow = MSE(Xflow, X̂flow)
12:

13: 3. Backward losses and update model parameters ϕ:
14: lrframe → AEϕ,frame.
15: lrflow → AEϕ,flow.
16: end while

Algorithm 2 Training Entire Model

1: Inputs: (Xframe,Xflow,Zspc,B)
2: Outputs: None
3: Training loop:
4: while epoch < 100 do
5: 1. Forward autoencoders:
6: (X̂frame,Zframe)← AEϕ,frame(Xframe)

7: (X̂flow,Zflow)← AEϕ,flow(Xflow)
8: Zvis = Zframe + Zflow

9:

10: 2. Clustering:
11: if use spacial feature Zspc then
12: I← CLθ(Zvis,Zspc,B)
13: Update soft distribution S← (I, µ) by Equation 6.1
14: else
15: Ivis ← CLθ(Zvis,B)
16: Update soft distribution S← (Ivis, µ) by Equation 6.1
17: end if
18: Update target distribution T← S by Equation 6.2
19: Get clustering result C← S by Equation 6.3
20:

21: 3. Calculate losses:
22: lrframe = MSE(Xframe, X̂frame)

23: lrflow = MSE(Xflow, X̂flow)
24: lc = KL(S||T)
25:

26: 4. Backward losses and update model parameters ϕ, θ:
27: lrframe + lc→ encoder of AEϕ,frame

28: lrflow + lc→ encoder of AEϕ,flow

29: lrframe → decoder of AEϕ,frame

30: lrflow → decoder of AEϕ,flow

31: lc→ (CLθ, µ)
32: end while
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Figure 6.3: Sample frames of operating room videos. (a) to (f) corresponding in order
from S1 to S6. Each red point is manually pointed to the center of operating table in
each surgery.

scrub nurse
surgeonsurgeonsurgeon

other circulator

anesthetist

Figure 6.4: Label samples of the dataset that includes surgeon, anesthetist, scrub nurse,
circulator, and other.

consisted of 20 operating room videos from three surgeries S1 · · ·S3. The test data

consisted of 9 operating room videos from six operating rooms S1 · · ·S6, and 9 of the

videos were the same surgeries of the training data. Figure 6.3 shows the sample RGB

frames of all surgeries. The FPS of all videos were 30 and each was 5 second long (150

frames).
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We set the five labels surgeon, anesthetist, scrub nurse, circulator and other. Fig-

ure 6.4 shows the samples of all labels.

6.4.2 Implementation

6.4.2.1 Model Architecture

We used up to ”Mixed 3c” layers of I3D as encoders in both autoencoders. We con-

structed the decoders in the both autoencoders, as shown in Figure 6.2 (a). Table 6.2

shows the structure of the 3D transposed convolution layers, and the negative slope of

the all Leaky ReLU layers were fixed as 0.1.

Figure 6.2 (b) shows the structure of the clustering layer. We set the output size of

RoIAlign to 5 and set output dimensions of both embedding vis layer and embedding spc

layer to 32. The number of heads and the dropout rate of the multihead attention layer

were set to 4 and 0.1, respectively. We set the dimensions of the cluster centroids to 32

to match the outputs of embedding layers. α of student’s T-distribution was fixed to 2.

Table 6.1: Dataset contents. Training dataset consists of 20 videos from three surgeries
S1 · · ·S3. Test dataset consists of nine videos from six surgeries S1 · · ·S6 (three of
videos are the same surgeries of training dataset).

Dataset S1 S2 S3 S4 S5 S6 Total

Training 7 6 7 N/A N/A N/A 20

Test 2 2 2 1 1 1 9

Table 6.2: Structure of 3D transposed convolution layers in the decoder.

Layer No Filter Size Stride Padding

1 (4, 4, 4) (2, 2, 2) (1, 1, 1)
2 (4, 4, 1) (2, 2, 1) (1, 1, 0)
3 (4, 4, 1) (2, 2, 1) (1, 1, 0)
4 (1, 1, 1) (1, 1, 1) (0, 0, 0)
5 (1, 1, 1) (1, 1, 1) (0, 0, 0)

Table 6.3: Conditions of training.

No Cluster Number k with Spatial Feature

1 5 False
2 5 True
3 10 False
4 10 True
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Figure 6.5: Example of linking clustering results to true labels. Cluster 1 (orange) was
liked to circulator, cluster 2 (green) was linked to surgeon, and cluster 3 (red) was linked
to surgeon.

6.4.2.2 Dataset and Features

Human Detection We detected human bounding boxesB using YOLOv8. To achieve

unsupervised learning, we used YOLOv8 witch was trained on the COCO dataset[96]

without fine-tuning.

Visual Feature Extraction We used the frames Xframe and optical flows Xflow by

resizing from 1280 × 940 to 640 × 360. We resized bounding boxes B by the ratio as

match as resized frames.

Spacial Feature Extraction Wemanually set the center of operating rooms as shown

in Figure 6.3. Next, we calculated L2 norms between the centers of operating rooms

and the centers of individual bounding boxes as Zspc. Finally, we resized spatial features

Zspc by the ratio as match as resized frames.



6 Unsupervised Activity Clustering
6.4 Experiments and Results 63

(a) (b)

(c) (d)

Figure 6.6: Confusion matrix of the training dataset. (a) to (d) correspond in order from
condition 1 to 4 of Table 6.3. The labels are set as follows; 0: surgeon, 1: anesthetist,
2: scrub nurse, 3: circulator, 4: other.

6.4.2.3 Training

For pretraining autoencoders, we set the number of epochs to 200. We used Adam for

optimizing, and the learning rates of both were 0.0001 and (β1, β2) were (0.9, 0.999).

Both learning rates were decreased by 0.1 times by epoch = 100.

For training all structures of the model, we set the number of epochs to 100. We

used Adam for optimizing both encoders, both decoders and clustering layer and cluster

centroids, and the learning rates of all were 0.0001 and (β1, β2) were (0.9, 0.999). All of

the learning rates were decreased by 0.1 times by epoch = 50.
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(a) (b)
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Figure 6.7: Confusion matrix of the test dataset. (a) to (d) correspond in order from
condition 1 to 4 of Table 6.3. The labels are set as follows; 0: surgeon, 1: anesthetist,
2: scrub nurse, 3: circulator, 4: other.

We trained our model under the conditions shown in Table 6.3. We varied the

number of clusters k, and whether to use spatial features Zspc to analyze the effects of

parameter changes.

Activities of surgical members are vary significantly depending on the roles. For

example, surgeons are positioned around the operating table and rarely change their

position, while circulators move around the operating room to transport medical instru-

ments. To match the number of roles in the surgical team defined in Section 6.4.1, we

set k = 5. However, due to variations in the arrangement of medical instruments and
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background colors in the operating room, the view from the operating room surveillance

video differs. Therefore, we increased the number of clusters to k = 10

6.4.3 Results

For an evaluation, linking the clustering results to the true labels of the dataset is

necessary. For each video, predicted labels are selected by the most frequent true labels

of each clustering results. Figure 6.5 shows an example of label linking. For instance,

the highest number of true labels in cluster 2 (green) was “surgeon” at 150, and the

predicted labels of all individuals in cluster 2 was set as “surgeon”.

Training Dataset

Figure 6.6 shows the accuracy and confusion matrix of the training dataset. The results

correspond to (a) in order from model condition No.1 in Table 6.3. Focusing on Figure 6.6

(a) and (b), both accuracies were approximately 0.73 and the confusion matrix were

almost the same when k = 5. Focusing on Figure 6.6 (c), the accuracy decreased to

approximately 0.62 when spatial feature was not used with k = 10. By contrast, focusing

on Figure 6.6 (d), the accuracy increased to approximately 0.83 when the spatial feature

was used with k = 10. In particular, the accuracy of anesthetist and scrub nurse

improved significantly over the other results by 0.85. However, only the accuracy of

the circulator decreased by approximately 0.1 compared with the case in which spatial

features were not used.

Test Dataset

Figure 6.7 shows the accuracy and confusion matrix of the test dataset. Similar to the

training dataset, the results correspond to (a) in order from model condition No.1 in

Table 6.3. As shown in Figure 6.7 (a),(b) and (d), the accuracy decreased the accuracy

approximately 0.1 and for (c), the accuracy decreased approximately 0.05 compared

with the results of the training dataset. For all results, errors that the true label of

anesthesiologist was predicted to surgeon, with (a) and (b) were approximately 0.83

and (c) was approximately 0.72 and (d) was approximately 0.58. Numerous errors were

observed in the circulator and other labels for all the confusion matrices. Circulator

accuracy was approximately 0.47, and the accuracy of others was approximately 0.6

for (a) and (b); the circulator accuracy was approximately 0.28 and the accuracy of

other was approximately 0.68 for (c); circulator accuracy was approximately 0.63 and

the accuracy of other was approximately 0.49 for (d).
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6.5 Discussion

6.5.1 Implication

Figure 6.6 reveals that the results for the training dataset across all models accurately

detected surgeons and circulators with a detection rate exceeding 0.7. Figure 6.8 depicts

result samples from the training dataset. Circulators positioned on the right of each

image often moving around the operating room to delivery medical equipment and tend

to be higher optical flows compared with others. Therefore, we consider that circulators

were more easily classified in one cluster.

By contrast, an operating room has multiple surgeons, and when clusters and labels

are linked using the algorithm described at the beginning of Section 6.4.3, clusters tend

to be determined to be surgeons. Therefore, when the predicted label was a surgeon,

the false detection rate for other labels increased. In Figure 6.8 (a),(b), clusters 2 and

3 were identified as surgeons, while in (c), clusters 1 and 5 are identified as surgeons,

and in (d), clusters 2 and 6 are identified as surgeons. The scrub nurse working next

to the surgeon is particularly noteworthy; the probability of the predicted label being a

surgeon exceeds 0.4 in (a), (b), and (c), and resulting in an scrub nurse detection rate

of approximately 0.5.

For Figure 6.8 (d), cluster 0 was identified as an scrub nurse, classified into a various

cluster than surgeons, which resulted in a low false detection rate and an scrub nurse

detection rate of 0.85.

For Figure 6.7, across all models, the results for the test dataset consistently achieved

an accurate detection of surgeons and anesthetists, exceeding a detection rate of 0.7.

However, similar to the training dataset, when the predicted label was a surgeon, a high

probability of results were classified as other labels. Figure 6.9 shows results samples

from the model under condition 4 of Table 6.3. Figure 6.9 (a)· · · (c) are the results of

surgeries S1 · · ·S3, which confirm that the clusters could be classified as well as the

training dataset.

Figure 6.9 (d)· · · (f) are the results of surgeries S4 · · ·S6, which are not included in the

training dataset, and the clustering was hardly working. All individuals in Figure 6.9

(d) and (e) were classified as 4 so that everyone was predicted as surgeon using the

algorithm mentioned in Section 6.4.3. Because the proposed model used autoencoder to

perform feature extraction, feature extraction was not successful using operating room

videos that were not included in the training data.
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We consider that by learning different models for each operating room, accurate

clustering can be achieved in any operating room. The proposed model can be applied

simply by inputting the operating room surveillance video and the coordination of the

operating table in each operating room, thus requiring little effort to learn different

models for each operating room.

6.5.2 Effect of Spatial Feature

In the proposed model, the L2 norm between manually specified center of the operating

table and the centers of individual bounding boxes were added as spatial features.

In condition 4 of Table 6.3, the number of clusters was set at double the number

of labels k = 10, and the accuracy was improved by 0.1 by adding spatial features.

Figure 6.8 (d) reveals that scrub nurse in cluster 0 and anesthetist in cluster 9 were

classified into different clusters from surgeons. Figure 6.3 shows that scrub nurses are

positioned nearly at the same location as the center of the operating table, whereas

anesthetists were positioned away from the centers of the operating tables. Therefore,

scrub nurses and anesthetists were classified into separate clusters from surgeons.

6.5.3 Limitation

In the proposed method, YOLOv8 was used for extracting individual bounding boxes.

Consequently, recognizing all individuals was not possible, and several objects were rec-

ognized as individuals. For Figure 6.9, the coordinates of individual bounding boxes

could be misaligned, or objects were misclassified as individuals indicated in the right-

most bounding box in Figure 6.9 (c). In this study, YOLOv8 was not fine-tuned for

operating room videos to achieve unsupervised learning. Instead, a model pretrained

on the COCO dataset [96] was used. We considered that tuning YOLOv8 for each type

of video could lead to accurate recognition of individual bounding boxes, improving

clustering accuracy.

6.6 Conclusion

In this chapter, an unsupervised learning model was applied to operating room videos

for activity classification. The results revealed that the proposed model could perform

activity classification with an accuracy of more than 0.7 on the training dataset and

more than 0.6 on the test dataset. The accuracy was improved by changing the number

of clusters k and adding spatial features unique to operating rooms. Under condition 4,
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we could classify the activities with an accuracy of approximately 0.83 on the training

dataset and approximately 0.71 on the test dataset.



Chapter 7

Semi-Supervised Role

Classification

7.1 Introduction

In this chapter, we propose a model that leverages the advantages of the models in-

troduced in Chapter 5 and Chapter 6 to classify roles using semi-supervised learning.

Similar to model in Chapter 5, our proposed model is trained using bounding boxes and

pose estimation keypoints as inputs. In Chapter 6, pixel values were used; however,

they lack spatial features and include background information, which may lead to the

extraction of non-activity-related features. In contrast, bounding boxes and pose esti-

mation keypoints consist of coordinate points that preserve spatial motion features while

eliminating background noise. Additionally, compared to pixel values, they require less

data, improving both model training efficiency and prediction accuracy.

Unlike the models in Chapter 5 and Chapter 6, the proposed model performs activity

clustering using a single model, enabling simultaneous activity reconstruction and classi-

fication. During training, we use partially labeled role data for semi-supervised learning.

In Chapter 6, the unsupervised clustering model often misclassified similar roles, such as

the surgeon and the scrub nurse, due to their overlapping activities in surveillance video.

By incorporating a small amount of labeled data, our proposed model significantly im-

proves classification accuracy. Additionally, since annotating full-length surgical videos

is resource-intensive, our approach enables high-accuracy role classification using only a

partially annotated dataset.

Our model is based on variational autoencoders (VAE) [97], which maximize likeli-

hood to enable sampling from the latent variable space, representing key data features.

70
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However, since many surgical activities involve standing still, the input skeleton models

often appear similar, increasing the risk of mode collapse. To address this, we incorporate

a vector quantized variational autoencoder (VQ-VAE) [98], which discretizes latent vari-

ables using vector quantization, preventing mode collapse and improving reconstruction

accuracy, and a stochastically quantized variational autoencoder (SQ-VAE) [99], which

enhances latent space utilization by stochastically discretizing latent variables.

These VAE models represent all activity classes within a shared latent space, which

may fail to capture differences between roles. To overcome this limitation, we propose

a categorical SQ-VAE (CSQ-VAE) where each role has a distinct latent variable distri-

bution, facilitating more precise representation of role-specific activity features.

7.2 Theoretical Background

7.2.1 VAE

Consider the observed data distribution x ∈ RD and its empirical distribution pd(x) ∈
RD. A VAE consists of the three main components; an encoder, which maps the input

data x to the latent variable z ∈ Rdz via the approximate the posterior qφ(z|x); a

latent variable space, which represents the prior distribution of z denoted as p(z); and a

decoder, which approximate the prior pθ(x|z) reconstructing the observed data x from

z. Here, D and dz represent the dimensions of the observed data and latent variable,

respectively, while φ and θ denote the trainable parameters.

The objective of VAE is to maximize the Evidence Lower Bound (ELBO) on the

marginal log-likelihood.

L = Eqφ(z|x)[log pθ(x|z)]−DKL(qφ(z|x)||p(z)) (7.1)

The prior distribution qφ(x|z) and the posterior distribution pθ(x|z) are represented

by normal distributions with diagonal covariance.

qφ(x|z) ∼ N (gφ(x), σφ(x)I) (7.2)

pθ(x|z) ∼ N (fθ(z), σ
2I), (7.3)

where gφ : RD → Rdz , σφ : RD → Rdz and fθ : Rdz → RD are mapping functions.

The first term in Equation 7.1 represents the negative reconstruction error, which is

minimized using the mean squared error. The second term is the regularization term,
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which approximates the posterior distribution to the prior distribution of the latent

variable. To enable gradient-based optimization, the reparametrization trick is used,

expressing z as a differentiable function of ϵ ∼ N (0, 1).

z = µφ(x) + σφ(x)⊙ ϵ (7.4)

7.2.2 Categorical VAE

Categorical VAE [100, 101] replaces the latent variable space p(z) with p(c)p(z|c) to

represent different discrete latent spaces for each category, where c ∈ 1, ..., C and C

denotes the number of categories. And, the encoder qφ(z|x) is replaced with qφ(z|x, c)
by adding the category label as a condition discriminated in qφ(c|x). The decoder pθ(x|z)
is also replaced with pθ(x|z, c) to add the category label as a condition.

The objective of categorical VAE is to optimize the learnable parameters φ and θ by

maximizing the ELBO on the marginal log-likelihood. Due to the introduction of the

categorical condition c [101], Equation 7.1 is modified because of adding condition c as

follows:

L =Eqφ(z,c|x)[log pθ(x|z, c)]

− Eqφ(c|x)[DKL(qφ(z|x, c)||pθ(z|c))]−DKL(qφ(c|x)||p(c))
(7.5)

Semi-supervised learning can utilize both labeled and unlabeled data [100]. A

challenge in handling unlabeled data is that the categorical distribution cannot be

reparametrized. Kingma et al. [102] address this issue by marginalizing over all possible

categories c as follows:

U =
∑
c

qφ(c|x)L+H(qφ(c|x)), (7.6)

where H denotes the entropy.

Finally, the ELBO for semi-supervised learning is obtained by the following equation.

J = L+ U + α · log qφ(c|x), (7.7)

where α is the scalar balance between the generative and discriminative objectives.

This method faces the problem of increased computational complexity as the num-

ber of categories C grows. To address this, the Gumbel-Softmax [100] introduces a
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continuous distribution for categorical variables, enabling efficient sampling. Addition-

ally, it allows parameter gradients to be computed using the reparameterization trick,

facilitating end-to-end learning.

7.2.3 VQ-VAE

The VQ-VAE [98] constructs a learnable latent embedding space e ∈ RK,d, where K is

the number of embedding vectors, and dz is their dimensionality. The model quantizes

the latent variables deterministically using vector quantization. For a given input x

the encoder produces an output ze ∈ Rn,dz = qφ(x), where n represents the number

of latent variables. The discrete latent variable zi ∈ Rdz , i ∈ 1, ..., n is then quantized

by performing a nearest neighbor in the embedding space e. The posterior distribution

q(zi|x) is defined as a one-hot probability expressed as follows:

q(zi|x) =

1 for k = argminj ||ze − ej ||2,

0 otherwise
(7.8)

ze is mapped to the closest latent embedding variable e in the quantization process,

forming the decoder input zq(x), as follows:

zq(x) = ek, where k = argminj ||ze − ej ||2 (7.9)

The ELBO of VQ-VAE is as follows:

LV Q = log p(x|zq(x)) + ||sg[ze]− e||22 + β||ze − sg[e]||22, (7.10)

where sg[·] denotes the stop-gradient operator. Although β depends on the scale of the

reconstruction loss, it does not significantly affect within the results range of 0.1 and 2.0

[98].

7.2.4 SQ-VAE

SQ-VAE [99] employs a stochastic vector quantization process for latent variables using

a self-annealing method applied to a trainable categorical posterior distribution. This

approach eliminates the need for empirical hyperparameter tuning.

Similar to VQ-VAE, SQ-VAE features a latent embedding space e. Given an input

x, the encoder produces an output ze ∼ qφ(ze|x) which is then transformed into a con-

tinuous latent variable z through the dequantization process pφ(z|ze). The probabilistic
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quantization process p̂φ(zq|z) ∼ pφ(z|zq)p(zq) is derived from Bayes’ theorem, where

p(zq) represents the prior distribution of the discrete latent space e. By stacking the

dequantization process pφ(z|ze) with the probabilistic quantization process p̂φ(zq|z), ze
and zq are learned to approximate each other.

The ELBO of SQ-VAE is given by:

LSQ =Eqω(z|x)p̂φ(zq |z)

[
log

pθ(x|zq)pφ(z|zq)
qω(z|x)

]
+ Eqω(z|x)H(p̂φ(zq|z)) + const,

(7.11)

where qω(z|x) = pφ(z|ze)qϕ(ze|x) with ω = {ϕ, φ}. The categorical distribution p̂φ(zq|z)
is approximated using the Gumbel-Softmax method, and the gradients are optimized

end-to-end training.

If x is continuous, the dequantization process and the decoder assume a Gaussian

distribution.

pφ(z|zq) = N (zq,Σφ), (7.12)

where Σφ = σφI, and

pθ(x|zq) = N (fθ(zq), σI), (7.13)

where σ ∈ R+ and fθ : Rdz → RD. Furthermore, by Bayes’ theorem, the probabilistic

quantization process is formulated as the Mahalanobis distance between of e and zq,i

with the variance Σφ.

p̂φ(zq,i = ek|z) = softmaxk

({
−

(ej − zi)
TΣ−1

φ (ej − zi)

2

}K

j=1

)
(7.14)

Here, Σφ is a trainable parameter that controls the degree of quantization probability

during training. As σ2 gradually decreases, Σφ becomes less stochastic, leading to the

quantization process to converge toward deterministic quantization (self-annealing) [99].

Finally, the objective function of SQ-VAE is given by:

LSQ =Eqω(z|x)p̂φ(zq |z)

[
1

2σ2
||x− fθ(z)||22 +

1

2σ2
φ

||z − e||22

]
+ Eqω(z|x)H(p̂(zq|z)) + const

(7.15)
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Figure 7.1: Overview of Categorical SQ-VAE, which consists of Encoder, Decoder, and
Classification Head, and the latent variable spaces for each label.

7.3 Categorical SQ-VAE

SQ-VAE has high representation capacity in the latent variable space and strong re-

construction ability. However, it does not support data classification. To address this

limitation, we introduce CSQ-VAE, an extension of SQ-VAE that incorporates a classi-

fication process. An overview of CSQ-VAE is shown in Figure 7.1.

CSQ-VAE features discrete latent spaces e ∈ RC,K that vary by category, where C

represents the number of categories and K denotes the size of each discrete latent space

to capture distinct features for its respective category. Additionally, by conditioning on

the category, CSQ-VAE can generate samples that exhibit the prominent characteristics

of each category from the discrete latent space.

Consider an observed data distribution x ∈ RD with its empirical distribution pd(x) ∈
RD. The encoder consists of an inference network qφ(z|x), which maps x to a continuous

latent variable z. The classification layer includes a discriminative network qφ(c|z). The
probabilistic quantization process pφ(zq|z, c) selects zq as the element from the discrete

latent space ec that is closest to z in terms of the Mahalanobis distance. The decoder

consists of a generative network pθ(x|zq).
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The ELBO of the categorical SQ-VAE is given by:

log pθ(x, c) ≥ Lcsqvae =

Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pθ(x|zq)pφ(z|zq)p(zq|c)p(c)
qϕ(z|x)qϕ(c|z)pθ(zq|z, c)

]

= Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pθ(x|zq)pφ(z|zq)
qϕ(z|x)

]
+ Eqϕ(z|x)qϕ(c|z)H(p̂φ(zq|z, c))

+ Eqϕ(z|x)

[
DKL(qφ(c|z)||p(c))

]
+ const

(7.16)

The categorical distribution p̂φ(zq|z, c) and qφ(c|x) are approximated using the Gumbel-

Softmax method, and the gradients are optimized end-to-end training.

In this study, x is continuous as it consists of the bounding box and keypoints of the

skeleton model.

pφ(zi|zq) = N (zq,i,Σφ), (7.17)

where Σφ = σφI, and

pθ(x|zq) = N (fθ(zq), σI), (7.18)

where σ ∈ R+ and fθ : Rdz → RD. Furthermore, by Bayes’ theorem, the probabilistic

quantization process is formulated as the Mahalanobis distance between of ec and zq,i

with the variance Σφ.

p̂φ(zq,i = ek|z, c) = softmaxk

({
−

(ec,j − zi)
TΣ−1

φ (ec,j − zi)

2

}K

j=1

)
(7.19)

Here, Σφ is a trainable parameter that controls the degree of quantization probability

during training. As σ2 gradually decreases, Σφ becomes less stochastic, leading to the

quantization process deterministic quantization (self-annealing).

Finally, the objective function of Categorical SQ-VAE is given by:

Lcsqvae = Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
1

2σ2
||x− pθ(zq)||22 +

1

2σ2
φ

||z − ec||22

]
+ Eqϕ(z|x)qϕ(c|z)H(p̂φ(zq|z, c))

+ Eqϕ(z|x)

[
DKL(qφ(c|z)||p(c))

]
+ const,

(7.20)
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Proof of The Objective Function The ELBO of CSQ-VAE is as follows:

log pθ(x, c) ≥ Lcsqvae =

Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pθ(x)pφ(zq|x)pφ(z, c|zq)
qϕ(z|x)qϕ(c|z)pθ(zq|z, c)

]
(7.21)

By the Bayes’ theorem, the numerator of Equation 7.21 is changed as follows:

pθ(x)pφ(zq|x)pφ(z, c|zq)

= pθ(x|zq)pφ(zq)pφ(c|zq)pφ(z|zq)

= pθ(x|zq)p(c)pφ(zq|c)pφ(z|zq)

(7.22)

By substituting Equation 7.22 with Equation 7.21, the ELBO of CSQ-VAE is obtained

as:

log pθ(x, c) ≥ Lcsqvae =

Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pθ(x|zq)pφ(z|zq)p(zq|c)p(c)
qϕ(z|x)qϕ(c|z)pθ(zq|z, c)

]

= Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pθ(x|zq)pφ(z|zq)
qϕ(z|x)

]
+ Eqϕ(z|x)qϕ(c|z)H(p̂φ(zq|z, c))

+ Eqϕ(z|x)

[
DKL(qφ(c|z)||p(c))

]
+ const

(7.23)

By the Gaussian assumption, the first two terms of Equation 7.20 are obtained as:

log pθ(x|zq) = logN (pθ(zq), σ
2)

= − 1

2σ2
||x− pθ(zq)||22 +

D

2
log 2πσ2,

(7.24)

where D denotes as a dimension of the data x.
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Figure 7.2: Overview of the proposed model architecture based on Figure 7.1. From
left to right, the encoder qϕ(z|x), classification head qϕ(c|z), and decoder pθ(x|zq) are
arranged.

Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pφ(z|zq)
qϕ(z|x)

]

= Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

∏dz
i=1 pφ(zi|zq)∏dz
i=1 qϕ(zi|x)

]

=

dz∑
i=1

Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
log

pφ(zi|zq)
qϕ(zi|x)

]

= −1

2

dz∑
i=1

(
Eqϕ(z|x)qϕ(c|z)pθ(zq |z,c)

[
(zi − zq,i)

⊺Σ−1
φ (zi − zq,i)

])
+ const

(7.25)

7.4 Experiments

7.4.1 Model Architecture

The model architecture of Figure 7.1 is shown in Figure 7.2.

Encoder q(z|x) takes x as inputs, mapping it to representations in the Embedding layer,

which are then passed through the Positional Encoding and Transformer Encoder layers

to produce the continuous latent variable z. The structure of Embedding layer is detailed

in Table 7.1. Each block consists of a 1D Convolution layer → Group Normalization

layer → SiLU [103].
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Classification Head q(c|z) follows a structure similar to the Vision Transformer [104].

The input z is concatenated with a learnable Classification Token and passed through

the Positional Encoding layer to the Transformer Encoder. The first element of the

Transformer Encoder’s output is then processed by multilayer perceptron to produce c.

Decoder p(x|zq) reconstructs x from the discrete latent variable zq. The input zq is

passed through the Positional Encoding and Transformer Encoder layers before being

converted to x in the Reconstruction layer.

The structure of Reconstruction layer is detailed in Table 7.2. The TransConv1

through TransConv3 blocks consist of a 1D Transpose Convolution layer → Group Nor-

malization layer → SiLU, while TransConv4 consists of a 1D Transpose Convolution

layer → Tanh.

Positional Encoding Each network’s Positional Encoding layer uses Rotary Encoding

[105] with a learnable frequency parameter.

Model Parameters The model’s dimension was set to d = 32, code map size k = 512,

with 3 Transformer Encoders per network and a Dropout Rate of 0.1. The number of

attention heads in the transformer was set to 4.

7.4.2 Data Sampling

The input data consists of bounding boxes and keypoints from a human skeleton model.

First, human bounding boxes are detected using YOLOv8 [95]. Then, the keypoints

withing each bounding box are extracted using ViTPose [106], following the COCO

keypoints format [54]. To track human movements BoostTrack+ [107] is used, generating

Table 7.1: The architecture of the Embedding layer.

Block Kernel Size Stride Dimension

Conv 1 6 3 R15,2,90 → R15,d/8,29

Conv 2 5 3 R15,d/8,29 → R15,d/4,9

Conv 3 5 2 R15,d/4,9 → R15,d/2,3

Conv 4 3 1 R15,d/2,3 → R15,d,1

Table 7.2: The architecture of the Reconstruction layer.

Block Kernel Size Stride Dimension

TransConv 1 3 1 R15,d,1 → R15,d/2,3

TransConv 2 5 2 R15,d/2,3 → R15,d/4,9

TransConv 3 5 3 R15,d/4,9 → R15,d/8,29

TransConv 4 6 3 R15,d/8,29 → R15,2,90
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time series data for bounding boxes and keypoints. For each tracking ID, time series

data is sampled in 90-frame segments (3 seconds) at intervals of 30 frames (1 seconds).

During detection, missing values may occur in human bounding boxes, requiring

data cleansing and interpolation.

• Cleansing: time series data is discarded if ≧30% of the frames in a 90-frame

segment contain missing values.

• Interpolation: Linear interpolation is applied to missing values in bounding boxes

and keypoints.

In operating room surveillance videos, the feet of individuals behind the operating

table are often occluded. To address this, keypoints for the left knee, right knee, left

ankle, and right ankle are masked. Thus, the final input data (Figure 7.1) consists

of 5 face keypoints, 8 body keypoints, and the top-left and bottom-right points of the

bounding box, resulting in x ∈ R90,15,2.

7.4.3 Scaling

The bounding boxes and keypoints are scaled using different methods. The bounding

boxes are scaled on the video frame, with the center at (0,0), the top-left corner at (-1,-1),

and the bottom-right corner at (1,1). Therefore, the bounding boxes represent spatial

movement across the entire frame. The keypoints are scaled within each bounding box,

with the center at (0,0), the top-left corner at (-1,-1), and the bottom-right corner at

(1,1). Therefore, the keypoints represent detailed body movements, such as orientation

and posture.

7.4.4 Role Labels

The role labels are defined as follows: surgeon, anesthetist, scrub nurse, circulator, and

other. ”Other” includes observers who are not directly involved in surgeries, such as

trainees

7.4.5 Annotation Protocol

We describe the annotation protocol for semi-supervised learning. To ensure repro-

ducibility, we conducted annotations and selected a subset of the dataset as follows:
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(a) (b) (c)

(d) (e) (f)

Figure 7.3: Sample frames of operating room surveillance videos. The frames from
Surgery 1 to Surgery 6 are arranged in order from (a) to (f).

1. Cleansing

• Tracking IDs where changes have occurred.

• Individuals with different positions during surgery (e.g., surgeons entering

and exiting for shifts, anesthesiologists, scrub nurses).

2. Label each tracking ID.

3. Shuffle the tracking IDs (using seed 42).

4. Select tracking IDs until the number of samples exceeds 1000.

Table 7.3: The number of samples of training dataset.

Surgeon Anesthetist
Scrub
Nurse

Circulator Other
Non-

Labeled
Total

S1 1,315 1,079 1,015 1,021 1,001 14,119 19,550
S2 2,212 1,103 1,149 1,008 1,068 17,956 24,496
S3 1,056 1,130 1,023 1,210 1,235 13,583 19,237

Table 7.4: The number of samples of test dataset.

Surgeon Anesthetist Scrub Nurse Circulator Other Total

S1 2,430 1,096 1,707 1,306 3,581 10,120
S2 3,663 1,028 1,607 1,915 4,701 12,914
S3 1,824 2,800 1,641 1,594 2,609 10,468
S4 698 1,138 1,520 1,731 331 5,418
S5 4,071 1,896 1,797 620 82 8,466
S6 4,544 3,186 1,798 3,270 15 12,813
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7.4.6 Contents of Dataset

The datasets used in our experiments were consisted of various samples from operating

room surveillance video. As shown in Figure 7.3, the data includes different scenarios

captured in the operating room. Frames (a) to (c) depict samples utilized in both the

training and test datasets. These images include scenes involving the surgeon, anes-

thetist, scrub nurse, circulator, and other personnel, providing a comprehensive dataset

for training the model. Frames (d) to (f), on the other hand, were exclusively used in

the test dataset. These samples were chosen to evaluate the model’s performance in

scenarios not encountered during training.

Training Dataset The training data was created by extracting 1 hour videos from op-

erating room surveillance videos of three different surgeries using the Data Sampling and

Annotation Protocol described above. Each surgery took place in a different operating

room. The composition of the dataset is shown in Table 7.3.

Test Dataset The test data was created by extracting 30 minutes videos from surveil-

lance camera footage of six operating rooms using the Data Sampling and up to step 2

of the Annotation Protocol described above. Three of these videos were created from

films of surgeries included in the training dataset, and the other three from operating

rooms not used for training. The composition of the dataset is shown in Table 7.4.

7.4.7 Training Algorithm

Table 7.5 shows the training conditions. Due to the varying arrangements of medical in-

struments as seen from the surveillance cameras in different operating rooms, we trained

the model using two patterns to evaluate these effects.

Pattern 1: One model was trained using the entire dataset, as indicated in T1.

Pattern 2: Other models were trained using the S1, S2, and S3 datasets, as indicated

in T2, T3, and T4.

To approximately equalize the number of training steps, Pattern 1 was trained for

100 epochs, while Pattern 2 was trained for 300 epochs. Across all training conditions,

the optimizer was AdamW with β1 = 0.9 and β2 = 0.95, the learning rate was set to

0.005 and the batch size was set to 128.
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7.4.8 Results

Training Dataset As shown in Table 7.6, under learning condition T1, S1 and S3

achieved an accuracy exceeding 0.96, while S2 reached 0.774. Conversely, under learning

conditions T2 through T4, accuracy improved across all datasets compared to T1. S1

and S3 exceeded 0.98 in accuracy, and S2 achieved 0.91.

Figure 7.4 shows the confusion matrices for the training dataset. Under learning

condition T1, only other in S2 was misclassified as circulator, resulting in a recognition

accuracy below 0.5. However, under all other learning conditions and across all datasets,

the accuracy of each role label exceeded 0.84. In particular, for S1 and S3, accuracy for

all labels in all learning conditions surpassed 0.9.

Test Dataset As shown in Table 7.7, the test datasets S1 to S3 used in training

achieved their highest accuracies under learning conditions T2 to T4, with maximum

values of 0.973, 0.854, and 0.958, respectively. Similarly, S4, like S1, had its highest

accuracy under learning condition T2, with a maximum value of 0.891. In contrast, S5

and S6 had lower accuracies, with maximum values of 0.254 and 0.642, respectively.

Table 7.5: The training conditions. The checkmarks indicate which datasets were used
for each training condition.

Name Pattern S1 S2 S3

T1 1 ✓ ✓ ✓
T2 2 ✓
T3 2 ✓
T4 2 ✓

Table 7.6: The accuracy scores of training dataset.

Name Pattern S1 S2 S3

T1 1 0.964 0.774 0.968

T2 2 0.985 – –
T3 2 – 0.910 –
T4 2 – – 0.988

Table 7.7: The accuracy scores of test dataset.

Name Pattern S1 S2 S3 S4 S5 S6

T1 1 0.966 0.718 0.866 0.854 0.254 0.577

T2 2 0.973 0.126 0.201 0.891 0.161 0.559
T3 2 0.050 0.854 0.051 0.193 0.074 0.052
T4 2 0.576 0.100 0.958 0.496 0.160 0.642
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(a) S1-T1 (b) S2-T1 (c) S3-T1

(d) S1-T2 (e) S2-T3 (f) S3-T4

Figure 7.4: Confusion matrices of training dataset. The results for S1 to S3 under
training condition T1 are arranged in order from (a) to (c). The result for S1 under
condition T2 in (d), for S2 under condition T3 in (e), and for S3 under condition T4 in
(f).

As shown in Figure 7.5, under learning condition T1, accuracies for S1 to S4 were

high. Specifically, the surgeon, anesthetist, and scrub nurse were all classified with accu-

racies exceeding 0.9. However, the circulator and other roles were sometimes confused,

with minimum accuracies of 0.78 and 0.24, respectively. While some roles were correctly

classified in S5 and S6, such as the scrub nurse in S5 and the anesthetist in S6, most

classifications had low accuracy.

As shown in Figure 7.6, under learning condition T2, the accuracies for S1 and S4

were high. Specifically, the surgeon, anesthetist, scrub nurse, and circulator were all

classified with accuracies exceeding 0.8. However, other in S4 was sometimes confused

with the circulator, resulting in an accuracy of 0.30. In S2 and S3 were classifications

were circulators. In S5 and S6, only the circulator had a high accuracy exceeding 0.9,

while accuracies for other roles were low.

As shown in Figure 7.7, under learning condition T3, only S2 achieved high accuracy.

All roles except other were classified with accuracies exceeding 0.9. The other role was

sometimes confused with the circulator, resulting in an accuracy of 0.65. In datasets

other than S2, most classifications were frequently assigned to the circulator.
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(c) S3-T1

(e) S5-T1 (f) S6-T1

(a) S1-T1 (b) S2-T1

(d) S4-T1

Figure 7.5: Confusion matrices of the test dataset. The results from S1 to S6 under
training condition T1 are arranged in order from (a) to (f). The red-framed results were
used for training.

(c) S3-T2

(e) S5-T2 (f) S6-T2

(a) S1-T2 (b) S2-T2

(d) S4-T2

Figure 7.6: Confusion matrices of the test dataset. The results from S1 to S6 under
training condition T2 are arranged in order from (a) to (f). The red-framed result was
used for training.
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(c) S3-T3

(e) S5-T3 (f) S6-T3

(a) S1-T3 (b) S2-T3

(d) S4-T3

Figure 7.7: Confusion matrices of the test dataset. The results from S1 to S6 under
training condition T3 are arranged in order from (a) to (f). The red-framed result was
used for training.

(c) S3-T4

(e) S5-T4 (f) S6-T4

(a) S1-T4 (b) S2-T4

(d) S4-T4

Figure 7.8: Confusion matrices of the test dataset. The results from S1 to S6 under
training condition T4 are arranged in order from (a) to (f). The red-framed result was
used for training
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(a) T1-Keypoints (b) T2-Keypoints (c) T3-Keypoints (d) T4-Keypoints

(e) T1-Bounding Box (f) T2-Bounding Box (g) T3-Bounding Box (h) T4-Bounding Box

Figure 7.9: Box plots of MSE for keypoints and bounding boxes under each learning
condition. (a) to (d) show the results for keypoints, and (e) to (h) show the results for
bounding boxes. The red diamonds indicate that the surgeries were used for training.

As shown in Figure 7.8, under learning condition T4, only S3 achieved high accuracy.

All roles were classified with accuracies exceeding 0.84. In S1, S4, and S6, some labels

were classified with high accuracy. For example, other in S1 and S6 had an accuracy of

approximately 1.0, and the circulator in S4 had an accuracy of 0.78. In S2 and S5, no

roles were classified with high accuracy.

Figure 7.9 shows the box plot of the MSE for the input data and reconstruction results

of keypoints and bounding boxes. As shown in Figure 7.9 (a) to (d), there was no clear

trend in the MSE of keypoints. Across all learning conditions, no discernible patterns

were observed in the reconstruction results between the datasets used for training and

those not used for training. In contrast, as shown in Figure 7.9 (e) to (h), the MSE

for bounding boxes was extremely low for the datasets used in training. Furthermore,

under learning condition T1, the MSE remained low even for datasets S4 to S6 which

were not used for training.

7.5 Discussion

We analyzed the spatial distribution of misclassified predictions to examine the charac-

teristics of the model’s role classification. Figure 7.10 and Figure 7.11 show the distri-

bution of bounding boxes, colored by ground truth and false predictions, for the model

trained under learning condition T1.

First, we consider S1 through S4, which achieved high classification accuracy. As

shown in Figure 7.5, these surgeries had classification accuracies exceeding 0.9 for roles
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S1

S2

S3

Ground Truth T1 - False Prediction

Figure 7.10: Scatter plot of bounding boxes for misclassified samples from S1 to S3. The
left column shows bounding boxes colored by the ground truth, while the right column
shows bounding boxes colored by the falsely predicted results under training condition
T1.

such as surgeon, anesthetist, and scrub nurse, whose positions remained relatively stable.

In contrast, accuracy was lower for roles of circulators and others, who moved frequently

and had variable positions.

As shown in Figure 7.5 (a), (c), and (d), the classification accuracy for circulators

in S1, S3, and S4 was lower than for other roles. In Figure 7.10 for S1, circulators were

misclassified as others near the center of the video frame. Similarly, in Figure 7.11 for

S4, circulators were also misclassified as others near the center. As shown in Figure 7.12,
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S4

S5

S6

Ground Truth T1 - False Prediction

Figure 7.11: Scatter plot of bounding boxes for misclassified samples from S4 to S6. The
left column shows bounding boxes colored by the ground truth, while the right column
shows bounding boxes colored by the falsely predicted results under training condition
T1.
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129:
Standing still and talking

True

129:
Taking medical instruments

False

1:
Passing medical instrument

1:
Standing still and observing

S3

S4

True False

True False

312:
Delivering medical instrument 482:

Standing still and observing

S1

Figure 7.12: Correctly classified samples (left) and misclassified samples (right) for cir-
culator (label 3).
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289, 295:
Standing still and talking

True

681, 658: 
Dissecting tumor

False

437,617:
Standing still and talking

299:
Preparing

S2

S3

True False

Figure 7.13: Correctly classified classified samples (left) misclassified samples (right) of
other (label 4).

circulators in S1 and S4 were correctly classified when delivering medical instruments

but misclassified as others when observing the surgical field from the pedestal. In Fig-

ure 7.10 for S3, circulators were misclassified as anesthetists on the right side of the video

frame. As shown in Figure 7.12 for S3, circulators conversing with anesthetists near the

anesthesia machine were misclassified. These results suggest that the model classifies

roles based on position when stationary, identifies circulators based on significant spatial

movement, and considers the magnitude of movement.

Furthermore, as shown in Figure 7.5 (b), (c), and (d), classification accuracy for

others in S2, S3, and S4 was lower than for other roles. In Figure 7.10 for S2, individuals

labeled as others were misclassified as circulators on the right side of the video frame.

As shown in Figure 7.13 for S2, individuals facing the wall during tumor dissection were

classified as circulators. In Figure 7.10 for S3, individuals categorized as others were
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misclassified as circulators on the left side of the video frame. As shown in Figure 7.13

for S3, similar to S2, surgical team members preparing for shift changes (labeled as

others since they were not directly involved in surgery) were classified as circulators due

to facing the wall. These findings suggest that the model considers body orientation for

role classification. However, in Figure 7.11 for S4, others were misclassified as circulators

on the left side of the video frame, despite no samples labeled as others in this position

in the training dataset from S1 to S3.

In Figure 7.11 for S5, surgeons and anesthetists were misclassified as circulators on

the left side of the frame, while circulators were misclassified as anesthetists and others

on the right. As discussed in Section 7.4.6, S5 has a similar configuration to S2, but its

role classification predictions resembled those of S1 and S3. Comparing Figure 7.3 (b)

and (e), the operating table in S2 (b) is closer to the surveillance camera, whereas in S5

(e), its position is similar position is similar to S3 (c) but with a different orientation. In

Figure 7.11 for S6, circulators were misclassified as surgeons, anesthetists, and others on

the left side of the frame, while surgeons were misclassified as circulators on the right.

The misclassified circulators occupied positions similar to those of others in S1, while the

misclassified surgeons and anesthetists occupied positions similar to those in S2. The

surgeon’s position was similar to that of a circulator observing the surgical field in S2.

Since the input data’s spatial features were limited to bounding boxes, role classifi-

cation errors likely occurred in positions not present in the training data. Incorporating

relative spatial features, such as distance and direction from the operating table, could

improve classification performance for unseen data.

7.6 Conclusion

In this chapter, we analyzed the activities of surgical team members captured in op-

erating room surveillance videos to identify their specific roles. To achieve this, we

introduced a novel role classification model using semi-supervised learning. Our model,

which employs a categorical quantized variational autoencoder, enables role classifica-

tion of surgical team members by maintaining distinct latent variable spaces for each

role. This allows for end-to-end training while capturing activity features specific to

each role.

Surgeries included in the training dataset achieved role classification accuracies of

0.75 or higher in the test dataset. Surgeries not included in training also achieved clas-

sification accuracies of 0.85 or higher, depending on the operating table configuration in
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the surveillance video frames. Additionally, our results suggest that the model classifies

roles by considering activity features such as the magnitude of spatial movement.



Part III

Intraoperative Situational

Analysis
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Chapter 8

Intraoperative Situation

Recognition and Event Detection

8.1 Introduction

In this chapter, we discuss situation recognition and event detection during surgery by

applying the activity recognition models proposed in Part I and Part II.

In Part I, we recognized specific group activities during surgery using individual

activity features extracted from key points in the skeleton model. Specifically, we de-

tected Medical Instrument Passing (MIP) and identified objects or regions of interest

through Group Attention (GA). Group activity recognition was applied to operating

room surveillance videos, and the results were analyzed to assess their potential for

assisting in event detection and situation recognition.

In Part II, we proposed a model that performs end-to-end individual activity recog-

nition using deep learning. The model proposed in Chapter 7 achieved high accuracy

in classifying roles and reconstructing the input activities. Based on role classification

results, we attempted event detection and situation awareness by analyzing temporal

changes in the number of individuals by role and variations in internal feature.

95
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8.2 Linear Transformation-Based Group Activity Recog-

nition

8.2.1 Methods

Medical Instrument Passing

The Medical Instrument Passing (MIP) model proposed in Chapter 3 is applied to

operating room surveillance videos. The weights learned in the experiments in Section

3.3.2 were used to perform MIP recognition.

Group Attention

The method proposed in Chapter 4 Group Attention (GA) is applied to the entire

operating room surveillance videos. The maximum value of the Attention Probability

(AP) calculated by Equation 4.2 was computed for the entire operating room, and its

temporal transition was measured. The peaks and troughs were detected using the

following algorithm.

The Group Attention (GA) method proposed in Chapter 4 is applied to operat-

ing room surveillance videos. The maximum value of the Attention Probability (AP),

calculated using Equation 4.2, was computed for the entire operating room, and its tem-

poral transitions were analyzed. Peaks and troughs were detected using the following

algorithm:

1. The maximum value of AP is smoothed using a moving average over 1800 frames.

2. Peaks and troughs are detected by setting the prominence threshold to 0.3.

3. Among the detected peaks, only those with AP values higher than 1.5 are ex-

tracted.

4. Among the detected troughs, only those with AP values higher than 0.5 are ex-

tracted.

8.2.2 Dataset

Table 8.1 shows the contents of the dataset to which handcrafted feature-based group

activity recognition was applied. All of dataset are operating room surveillance videos

that recorded all scenes from the preparation for surgery to the cleanup. Check marks

were added to those used in both Chapter 3 and Chapter 4 of Part I.
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Figure 8.1: Results of group activity recognition for Surgery 1 (top), Surgery 2 (middle),
and Surgery 3 (bottom).
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Figure 8.2: Results of group activity recognition for Surgery 4 (Top), Surgery 5 (Middle),
and Surgery 6 (Bottom).
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Figure 8.3: Examples of activities recognized by the MIP model involving two surgical
team members working together. (Top)Two surgical team members cover a patient with
a blanket. (Bottom)Two surgical team members dissect the excised tumor.

8.2.3 Results

Figure 8.1 and Figure 8.2 show the recognition results of MIP and the transition of

the maximum AP value calculated from GA. The upper part of each result indicates

whether MIP was detected, with 1 representing detection and 0 indicating no detection.

Table 8.1: Contents of operating room surveillance videos used for event detection and
situation recognition with handcrafted feature-based group activity recognition.

Time Length Included in Part I

Surgery 1 07:00:32 ✓
Surgery 2 08:30:00
Surgery 3 08:29:02 ✓
Surgery 4 09:29:07
Surgery 5 07:50:36 ✓
Surgery 6 05:00:00
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(a) (b) (c)

(d) (e) (f)

Figure 8.4: Frames showing the draping process in each operating room surveillance
video (“Start” in Figure 8.1 and Figure 8.2). The surgeons performing the draping are
highlighted with red boxes. Results from surgeries 1 to 6 are arranged in order from (a)
to (f).

(a) (b) (c)

(d) (e) (f)

Figure 8.5: Frames showing the draping removal process in each operating room surveil-
lance video (“End” in Figure 8.1 and Figure 8.2). The surgeons removing the draping
are highlighted with red boxes. Results from surgeries 1 to 6 are arranged in order from
(a) to (f).
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Figure 8.6: Examples of discrepancies between AP movements and the number of sur-
gical team members. (Top) Results around the 3 hours mark of Surgery 1. Interns
(ID:3827 and 3947) are conversing in front of the monitor. (Middle) Results around
the 3 hours 7 minutes mark of Surgery 5. Interns (ID:1460, 1576, 1597, and 1642) are
conversing in a corner of the operating room. (Bottom) Results around the 3 hours 15
minutes mark of Surgery 6. Interns (ID:2603, 2652, 2653, and 2656) are conversing in a
corner of the operating room.
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The lower part of each result displays the transition of the maximum AP value within

the operating room (blue solid line, left axis) and the transition of the number of people

detected within the operating room (red dotted line, right axis). Orange dots represent

peaks in the transition of the maximum AP value, while green dots indicate troughs.

Additionally, ”Start” marks the timing of draping, and ”End” marks the timing of

draping removal.

Medical Instrument Passing

MIP recognition was performed on operating room surveillance videos that were not

included in the training dataset of Section 3.3. As shown in Figure 8.3, an activity was

detected in which two surgical team members faced each other and moved a common ob-

ject together. As described in Section 3.3.2.3, the model was trained to prioritize recall,

leading to recognition of activities beyond MIP. Consequently, the model is capable of

recognizing collaborative activities involving two individuals, in addition to MIP. Note

that the upper results of Figure 8.1 and Figure 8.2 also include the timings of activities

other than MIP.

Additionally, at the “Start” and “End” timings, covering and removing the draping

were performed by two surgeons, respectively. We expected the MIP model to detect

this collaboration. Figure 8.4 shows the draping scenes in each operating room. Except

for Surgery 3 (c), draping was performed by two members, whereas Surgery 3, it was

performed by a single member. Examining Figure 8.1 and Figure 8.2, we confirmed

that the detection frequency of MIP in Surgery 3 was lower than in other surgeries.

Additionally, Figure 8.5 shows the draping removal process in each operating room. It

was confirmed that two surgeons cooperated in removing the draping in all surgeries.

This corresponded with a high frequency of MIP detection, as seen in Figure 8.1 and

Figure 8.2. Surgery 2 showed an increased frequency of MIP detection after the draping

removal timing. These findings suggest that when adapted to multi-class classification,

the MIP model could effectively recognize two-person collaborations, providing valuable

insights for understanding surgical situations and event detection.

Group Attention

The AP calculated by Equation 4.2 is proportional to the number of surgical team

members. Therefore, as shown in Figure 8.1 and Figure 8.2, the maximum value of the

AP (blue solid line) and the number of surgical team members (red dashed line) showed

similar trends over the long term. Additionally, for most of the duration of all surgeries,

the maximum AP values were concentrated near the operating table. However, there
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were periods where only the number of surgical team members significantly increased:

between 2 hours and 5 hours in Surgery 1, between 1 hours and 2 hours in Surgery 5,

and between 3 hours and 3.7 hours in Surgery 6. As shown in Figure 8.6, this occurred

because interns entered the room and engaged in conversations in areas away from the

operating table. By identifying discrepancies between the trends of AP and the number

of surgical team members, it is possible to detect groups that are focused on areas other

than the surgical field during surgery. Additionally, the presence of a non-intern group

could indicate that the occurrence of a specific event.

8.3 End-to-End Individual Activity Recognition

8.3.1 Methods

We applied the role classification model, proposed and trained in Chapter 7 to the

entire set of operating room surveillance videos. Our goal is to achieve event detection

and situational recognition based on transitions in role counts and changes in extracted

features.

Circulator with Large Movements

When quantizing features using the role estimation model, the selected features fluctu-

ate for individuals exhibiting significant movement. In emergency situations, assistant

personnel move actively, similar to circulators, when preparing for transfusions. We

propose Algorithm 3 to count the number of highly active individuals and detect events.

Clustering Latent Feature by K-means

Major changes in surgical situations primarily occur at the start and end of surgery, as

well as during emergencies. We analyze activity patterns and tendencies for each role at

these key moments. A K-means (k=5) model was trained for each role, clustering the

latent variables of the proposed model, as shown in Figure 8.7.

8.3.2 Dataset

Table 8.2 presents the dataset used for the End-to-End individual activity recognition

model. All datasets consist of surveillance videos covering the entire surgical process,
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Algorithm 3 Count the number of circulators with large movements

1: The observed data distribution for the entire video is X ∈ RD, where D denotes the dimen-
sion of data.

2: Extract circulator-classified samples X3 ∈ X|c = 3, where c denotes the label.
3: Given time t and the time length of a video T .
4: Initialize the numbers of circulators with large movements N = {n0 = 0, ..., nT = 0}.
5: Set threshold for the number of different latent values zth = 9.
6: while x ∈ X3 do
7: Given the start time Ts and end time Te of tracking duration.
8: while Te < t ≦ Ti do
9: Calculate zqt−1

and zqt using qω(z|x)qφ(c|z)p̂θ(zq|z, c).
10: if Count of i ∈ {zqt−1,i

̸= zqt,i}15i ≥ zth then
11: nt = nt + 1
12: end if
13: end while
14: end while
15: Set the event flags F = {f0 = 0, ..., fT = 0}.
16: Set threshold for the number of individuals nth = 2.
17: while nt ∈ N do
18: if nt ≥ nth then ft = 1
19: end if
20: end while

𝑧 𝑧!… …

Classification

Encoder Decoder

Surgeon

Surgeon
Scrub
Nurse

Anesthetist

Circulator

Other
𝑞" 𝑧 𝑥 𝑝# 𝑥 𝑧!

𝑞" 𝑐 𝑧

𝑃 𝑧! 𝑐, 𝑧	

𝑒

Figure 8.7: Clustering the latent variables of the CSQ-VAE using K-means (k=5) for
each role. The latent variable z is input into the K-means model for classification.

from preparation to cleanup. These include the scenes used for training the role classi-

fication model (Chapter 7). Only Surgery 1 involved an emergency, whereas the others

proceeded smoothly until completion.

Table 8.2: Contents of operating room surveillance videos used for event detection and
situational recognition through end-to-end individual activity recognition.

Time
Length

Preparing
Proceeding
Smoothly

Cleaning Emergency

Surgery 1 10:00:00 ✓ ✓ ✓ ✓
Surgery 2 07:00:00 ✓ ✓ ✓
Surgery 3 07:30:00 ✓ ✓ ✓
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8.3.3 Prediction

We obtained samples by applying data sampling (Section 7.4.2) and scaling (Section 7.4.3)

algorithms, as well as the role classification model trained in Section 7.4.7, to the entire

dataset.

8.3.4 Results

Circulator with Large Movements

Figure 8.8 to Figure 8.10 show the results of applying Algorithm 3 to Surgeries 1 to

3. The videos were segmented into 30 min intervals, capturing scenes from the start

or end of each surgery as well as other significant events. The “period” represents the

time elapsed within the entire surgery. The upper part of each graph illustrates changes

in the number of classified roles, while the lower part displays event flags (0: normal,

1: event occurrence) detected by Algorithm 3. Additionally, Figure 8.11 to Figure 8.13

present frames from the start, end, and key event moments of each surgery.

In Figure 8.8 (Surgery 1), the event flag dropped after the surgery began and re-

mained low until an emergency occurred. Additionally, the event flag rose approx. 5

min after the surgery concluded. As shown in Figure 8.11, more than four individuals

were classified as circulators in all frames. Specifically, ID:113 and ID:119 in (a), ID:894,

ID:974, ID:1003, and ID:1020 in (b), and ID:381, ID:467, and ID:468 in (c) were moving

around the operating room.

In Figure 8.9 (Surgery 2), the event flag dropped after the surgery began and rose

again after the surgery ended. The event flag also rose when the surgeon left the surgical

field, causing a temporary pause in the procedure. As shown in Figure 8.12 (a), five

individuals were classified as circulators. Among them, ID:920 and ID:921 were moving

around the operating room, while ID:335 and ID:918 were moving toward the operating

table. In Figure 8.12 (b), although ID:185, ID:206, and ID:215 were actually surgeons,

they moved away from the operating table and were seen discussing in front of the

monitor. During this time, they exhibited movements such as pointing at the monitor.

Figure 8.11 (c) shows that at the end of the surgery, surgeons ID:561 and ID:604, who

were removing their gowns, were classified as circulators, leading to a rise in the event

flag.

In Figure 8.10 (Surgery 3), the event flag dropped 3 min after the surgery began and

rose again after the surgery ended. Figure 8.13 (a) and (b) represent the start and end

of Surgery 3, respectively. The surgeon and scrub nurse approached the operating table
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Figure 8.8: Changes in the number of predicted roles and event detection results for
Surgery 1. The videos were segmented into 30 minutes intervals, capturing the start
and end of surgery as well as other significant events. The “period” represents the time
elapsed within the entire surgery. The upper part of each graph illustrates changes in
the number of classified roles, while the lower part displays event flags (0: normal, 1:
event occurrence) detected by Algorithm 3.
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Figure 8.9: Changes in the number of predicted roles and event detection results for
Surgery 2. The videos were segmented into 30 minutes intervals, capturing the start
and end of surgery as well as other significant events. The “period” represents the time
elapsed within the entire surgery. The upper part of each graph illustrates changes in
the number of classified roles, while the lower part displays event flags (0: normal, 1:
event occurrence) detected by Algorithm 3.
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Figure 8.10: Changes in the number of predicted roles and event detection results for
Surgery 3. The videos were segmented into 30 minutes intervals, capturing the start
and end of surgery as well as other significant events. The “period” represents the time
elapsed within the entire surgery. The upper part of each graph illustrates changes in
the number of classified roles, while the lower part displays event flags (0: normal, 1:
event occurrence) detected by Algorithm 3.
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(a) Start of Surgery (b) Emergency (c) Cleaning

Figure 8.11: Sample frames capturing event occurrence during Surgery 1.

(a) Preparing (b) Suspending (c) End of Surgery

Figure 8.12: Sample frames capturing event occurrence during Surgery 2.

(a) Start of Surgery (b) End of Surgery (c) Moving Patient to Bed

Figure 8.13: Sample frames capturing event occurrence during Surgery 3.

in (a) and moved away from it in (b). In Figure 8.13 (c), the surgical team members

made significant movements while transferring the patient from the operating table to

the bed.

In situations where the surgery did not proceed smoothly, such as during preparation,

cleaning, emergencies, and pauses, the number of individuals classified as circulators

who exhibited significant movement in position and posture increased. This suggests

the potential for detecting intraoperative changes and events based on the number of

circulators and the magnitude of their movements.
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Clustering Latent Feature by K-means

Figure 8.14 to Figure 8.16 show the results of clustering the model’s latent variables

using K-means for each role. In each image, the results are arranged from top to bottom

in the following order: surgeons, anesthetists, scrub nurses, circulators, and others. The

“period” represents the time elapsed within the entire surgery.

Figure 8.14 presents the results of Surgery 1. Circulators were primarily classified

into Cluster 3 (red) from the start of surgery until just before the emergency. However,

during preparation, the emergency, and cleaning, they were distributed across multiple

clusters. This suggests that the activity features of Cluster 3 (red) represent the primary

circulator role. Interns, who entered and exited after the surgery began, were clustered

into Clusters 0 (blue), 1 (orange), and 3 (red), with a shift in clustering trends before

and after the emergency, from Clusters 0 (blue) and 3 (red) to Clusters 1 (orange), 2

(green), and 4 (purple).

Figure 8.15 presents the results for Surgery 2. Among surgeons, the proportion

classified into Cluster 1 (orange) was high before and after surgery, while during the mid-

surgery period, Clusters 2 (green) and 3 (red) were more prominent. Circulators were

more frequently classified into Cluster 2 (green) during preparation and cleaning than

during surgery. Additionally, during a suspension event in Figure 8.12 (b), surgeons who

moved away from the surgical field and gathered in front of the monitors were classified

into Clusters 0 (blue) and 1 (orange).

Figure 8.16 presents the results for Surgery 3. Surgeons were frequently classified into

Cluster 1 (orange) during surgery, but after surgery, some were classified into Clusters 0

(blue) and 2 (green). Anesthetists were primarily classified into Cluster 3 (red) during

surgery, while their classification into Clusters 1 (orange) and 2 (green) increased in

other situations. Circulators were occasionally classified into Cluster 4 (purple) during

preparation and cleaning but rarely during surgery.

These findings confirm that the latent variables for each role change according to

intraoperative situations and events. Since the role classification model is based on a

VAE, the latent variables capture the activity features of each role, which vary depending

on surgical events. By clustering these features with K-means, we propose the potential

for detailed intraoperative event detection using a neural network model.
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8.4 Discussion

In Section 8.2.3, we confirmed that the MIP recognition model successfully recognized

activities involving two individuals performing cooperative work, representing direct

interactions. Additionally, in Section 8.2.3, the estimated focusing areas of surgical team

members helped identify indirect interactions, such as shared attention to the surgical

field, which reflects the social structure of the operating room. Social structures can be

viewed hierarchically, from individuals as the smallest units to pairs interacting directly

and larger groups focusing on a common area. The accumulation of these structures

forms the overall social dynamics of the operating room.

In Section 8.3.4, we found that counting the number of circulators making signifi-

cant movements in position and posture may facilitate situation recognition and event

detection. Furthermore, in Section 8.3.4, we confirmed that activity features change ac-

cording to intraoperative situations and events. By mapping individual activity features

to social structures, it may be possible to represent structural changes in the operating

room. Representing social structures as graphs, where nodes represent individual ac-

tivities and edges represent interactions, could enable detailed recognition of situational

changes and events.

8.5 Conclusion

In this chapter, we applied the methods proposed in Part I and Part II to operating room

surveillance videos covering the entire surgical process, from preparation to cleaning, to

recognize intraoperative situations and detect events. From the Part I method, we

found that intraoperative situation and event detection could be recognized based on

the frequency of activities detected by MIP and changes in the focus areas identified by

GA. These factors also reflected interactions between individuals within the operating

room. From the Part II role classification model, we found that situation and event

detection could be recognized based on the number of significantly moving circulators

and changes in the latent variables for each role.

We propose that relationships between individuals, derived from interactions, form

the social structure of the operating room. Furthermore, the latent variables extracted

by the role classification model represent individual activity features, and mapping them

onto the social structure may allow for detecting changes in intraoperative social dynam-

ics.



Chapter 9

Conclusion

9.1 Contributions

Part I Linear Transformation-Based Group Activity Recognition

Chapter 2 Linear Transformation-Based Individual Activity Features

In Chapter 2, we presented a feature extraction method for individual activities using

linear transformation. We input time series keypoints obtained from a pose estimation

model and a tracking model.

First, we applied homography transformation to keypoints, projecting them onto a

top-down view of the operating room. This transformation enables the visualization

of feature distributions and changes within the operating room, providing interpretable

data. Next, using the keypoints in the top-down view, we applied linear transformation

to extract body position, body orientation, and face orientation. Additionally, we ex-

tracted arm flexion and wrist position directly from operating room surveillance video

(without homography transformation).

Chapter 3 Medical Instrument Passing

In Chapter 3, we proposed a model for recognizing medical instrument passing (MIP)

using the individual activity features extracted in Chapter 2. The circulator’s activ-

ity of passing medical instruments to the scrub nurse serves as an indicator of surgical

technique. Since surgical procedures are generally determined by the type of surgery,
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monitoring whether instruments are passed at appropriate times allows for the quantifi-

cation of surgical progress. In the event of an emergency, delays or deviations from the

expected instrument handover process can serve as key indicators.

For the experiments, we prepared both simulated and real surgical video datasets

to train the model. The model achieved high accuracy in recognizing MIP across both

datasets. Furthermore, our proposed method demonstrated potential for recognizing

collaborative tasks performed by two individuals facing each other.

Chapter 4 Group Attention

In Chapter 4, we estimated gaze direction based on face orientations extracted in Chap-

ter 2 and identified overlapping areas of attention among surgical team members. During

smooth surgical procedures, attention is primarily focused on the operative field. How-

ever, during preparation, cleaning, or emergencies, such as when multiple team members

enter and exit, attention is more likely to shift away from the operative field. By es-

timating gaze direction from face orientation and detecting the objects or areas being

focused on, we propose that events during surgery can be identified.

For the experiments, we predefined the positions of several objects and quantified the

extent to which each object was attended to. The results demonstrated that estimating

face orientation effectively identifies the regions or objects of interest to the surgical team.

Furthermore, by detecting changes in areas of interest using the proposed method, we

found potential for recognizing situational changes or events during surgery.

Part II End-to-End Individual Activity Recognition

Chapter 5 Unsupervised Anomaly Estimation

In Chapter 5, we addressed the estimation of activity anomalies. During smooth surgical

procedures, the positions and poses of surgical team members remain largely unchanged.

However, in events such as emergencies, active movement increases, such as during

preparations for blood transfusions. To estimate anomaly values, we trained a model

to reconstruct individuals whose positions and poses are typically stable. Significant

reconstruction errors indicate rare activities occurring during surgery. We propose that

fluctuations in the proportion of individuals with high reconstruction errors within the

operating room can signal event occurrences or situational changes.
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We introduced a method for automatically estimating individual activities using

anomaly detection based on time series prediction. To evaluate the model’s perfor-

mance, we analyzed two types of time series features: bounding boxes and keypoints.

Experimental results showed that while bounding boxes effectively predicted and de-

tected local movements, anomaly scores based on keypoints were largely ineffective for

activity detection.

Chapter 6 Unsupervised Activity Clustering

The placement of surgical team members is determined by their roles. For example, the

surgeon and scrub nurse are positioned around the operative field and remain largely

stationary throughout the surgery. The anesthetist typically stays in front of the anesthe-

sia machine, monitoring the patient, while the circulator moves frequently, transporting

medical instruments and handing them to the scrub nurse. Given these patterns, we

consider that activity features specific to each role can be extracted and modeled. How-

ever, since most surgical team members exhibit limited movement, distinguishing their

activities is challenging. As a result, expert annotations are required, leading to high

annotation costs.

In Chapter 6, we applied an unsupervised learning model to surgical videos for activ-

ity clustering. The results showed that activity clustering achieved over 70% accuracy

on the training dataset and over 60% on the test dataset. Moreover, by adjusting the

number of clusters (k) and incorporating operating room-specific spatial features, as

in Condition 4, accuracy improved by 10%. Under Condition 4, activity classification

reached approximately 82.6% accuracy on the training dataset and 70.6% on the test

dataset. These findings suggest that spatial movement is a key feature in surgical activity

classification, as role placements are fixed.

Chapter 7 Semi-Supervised Role Classification

In Chapter 7, we proposed a model for role classification using semi-supervised learn-

ing, integrating the advantages of the models introduced in Chapter 5 and Chapter 6.

Bounding boxes and keypoints from pose estimation, represented as coordinate points,

preserve spatial movement features while removing background information. This re-

duces data volume compared to pixel-based representations, making model training and

prediction more efficient than in Chapter 6. As a result, the proposed model enables

simultaneous activity reconstruction and classification.
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Role classification was performed using semi-supervised learning. For surgeries in-

cluded in the training dataset, the model achieved an accuracy exceeding 0.77 in the test

dataset. For surgeries not included in the training dataset, accuracy surpassed 0.85, de-

pending on the arrangement of the operating table within the surveillance camera frames.

These results suggest that the proposed model can classify roles by incorporating activ-

ity features such as spatial movement magnitude and body orientation. Furthermore, by

adding relative features to the input data, such as the position relative to the operating

table, the model demonstrated the potential to classify roles even for previously unseen

data.

Part III Intraoperative Situational Analysis

Chapter 8 Intraoperative Situation Recognition and Event Detection

In Chapter 8, we applied the methods proposed in Part I and Part II to operating room

surveillance videos, covering the entire surgical process from preparation to cleaning, to

recognize situations and detect events during surgery.

The application of the method from Part I suggests that changes in the frequency

of recognized MIP activities and the areas of attention indicated by GA can be used to

identify changes in surgical situations and detect events. Additionally, these activities

provide insights into interactions among individuals within the operating room.

The application of the role classification model proposed in Part II indicates that

variations in the number of circulators, the intensity of their activities, and changes

in latent variables extracted for each role by the model can also serve as indicators of

surgical situation changes and event detection.

Summary of Our Achievements

Our research proposed foundational methods of human activity recognition that are in-

traoperative situation understanding using operating room surveillance video. In Part I,

we proposed group activity recognition models for collaborative activities of two individ-

uals and interested areas by surgical team members. In Part II, we proposed individual

activity recognition models for role classification and anomaly estimation. In Part III,

we applied these activity recognition models to the entire operating room surveillance

videos to verify the recognition of surgery start/end and emergencies. Additionally, we

confirmed that the features of individual activities for each role change with variations
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in the situation. Therefore, our research have potential to be utilized for intraoperative

situation understanding.

9.2 Future Direction

9.2.1 Required Research Advancements for Surgical Application

As shown in Section 1.6, we consider that our research has three surgical applications.

We will discuss the necessary advancements to realize those applications.

Safety Improvements In Part III, the detection of emergency situations was discussed.

To enhance safety in surgical environments, it is essential to accurately detect incidents

at the precise timing and recognize the types of incidents occurring.

Surgical Education In Part I and Part II, we proposed role classification models and

recognition models for collaborative activities involving two individuals. For effective

training, it is necessary to develop models that recognize surgery-specific activities for

each role and group activities involving two or more team members. Additionally, to

enhance simulations using Virtual Reality (VR) or Augmented Reality (AR), activity

generation models are required.

Surgical Evaluation Real-time evaluation metrics are crucial for recognizing surgery-

specific activities similarly to surgical evaluation. It is also essential to monitor fine-

grained changes in the surgical situation. To achieve this, models that can identify

whether activities are appropriate based on the context are necessary. For post-operative

evaluation, if the surgery duration was longer than planned, if the blood loss exceeded

expectations, or if post-operative complications occurred, methods are needed to extract

and analyze potentially causative scenes from surveillance videos based on real-time

evaluation metrics.

Therefore, the research developments can be summarized as follows for each category:

Human Activity Recognition, Situation Recognition, and Event Detection.

Human Activity Recognition

• Role-based Activity Recognition: Recognize activities based on the roles of sur-

geon, anesthetist, scrub nurse, circulator, and other staff.

• Group Activity Recognition for Surgical Teams: Understand the activities of the

entire surgical team and relationships among the team members.

• Activity Generation for Simulation: Generate activities for simulation purposes.
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Recording Activity Recognition

Explore and Extraction

Digital Transformation (DX)

Database

DatabaseQuery: Emergency

Videos corresponding to the query.

Intraoperative Analysis

Research and Development
Activity Recognition Models
Situation Recognition Methods

Figure 9.1: Overview of future directions.

Situational Recognition

• Situation Classification: Classify various situations using operating room surveil-

lance video.

• Estimation of Surgical Progress: Estimate the progress of the surgery.

Event Detection

• Precise Event Detection: Detect critical events at the precise timing during surgery.

• Incident Identification: Identify whether the detected event is an incident.

9.2.2 Effective Utilization of Operating Room Surveillance Video

To integrate these approaches into surgical systems for practical applications, further

analysis is required, as illustrated in Figure 9.1:

1. Perform activity recognition using the proposed methods.

2. Extract metrics from the activity recognition results and save them, time-stamped

with the operating room surveillance video.

3. Retrieve operating room surveillance videos related to critical scenes, such as emer-

gencies, from the database.
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4. Develop new activity recognition models and situation awareness methods.

By iterating this cycle, we can identify activities and metrics critical to surgical analysis.

Using these key metrics, we aim to develop predictive methods and enhance real-time

capabilities for practical applications.

9.2.3 Research Environments

To further advance this research, it is necessary to improve the research environment.

By achieving these improvements, the research can be generalized and applied to actual

surgical environments.

Automatic Parameter Setting

Implementing a system that automatically sets parameters in response to various con-

ditions and situations in the operating room. To apply the method described in Part I,

homography transformation parameters must be defined. In this study, these param-

eters were set to project the corners of the operating table onto corresponding points

in the top view. During surgical preparation, these parameters could be automatically

adjusted by detecting the operating table using object recognition and identifying its

black surface through image processing.

Handling Occlusion

Establishing methods to overcome obstructions and visual hindrances within the oper-

ating room, thereby enabling more accurate data collection. For the method described

in Part II, it is necessary to annotate operating room surveillance videos and train the

role classification model. Since the model employs semi-supervised learning, annotating

all surgical team members is not required. Instead, we propose annotating only those

who are clearly visible and not occluded, as this approach can still generate a highly

accurate role classification model.

Additionally, this study focused on operating room surveillance videos that exclude

large medical instruments and robots to minimize occlusion. However, because the

operating table is centrally located, complete occlusion avoidance is challenging. To

address this, multiple operating room surveillance cameras should be used to capture

an overview from multiple angles.
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9.2.4 Multimodel Model

To implement practical applications, multimodal models integrating surgical field cam-

eras, vital sensors, and surgeons’ voices should be considered. A surgical field camera

provides a detailed view of surgeons’ movements, which is particularly useful for esti-

mating surgical progress. Currently, at Kyoto University Hospital, a camera is mounted

at the center of the shadowless lamp, but it is frequently obstructed by surgeons’ heads,

limiting its effectiveness. Similar to surveillance cameras, multiple field cameras should

be installed to reduce occlusion.

Vital sensors enable continuous patient monitoring, though they are subject to noise

interference. Surgeons’ voices can help determine the start and end times of surgeries,

but microphones must be installed to capture them effectively. Combining these modali-

ties with operating room surveillance videos would enable more detailed surgical analysis,

ultimately contributing to improved surgical safety and efficiency.
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