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Dr. Róbert Lovas (Óbuda University)

Member:
Prof. Dr. Ferenc Bari (University of Szeged)

Members of the Comprehensive Examination Committee:

Chair:
Prof. Dr. Aurél Galántai (Óbuda University)
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ABSTRACT
In the case of Minimally Invasive Surgery (MIS), surgeons reach the

human organs through small skin incisions. This approach – compared to
open-access surgery – results in less trauma, smaller scars and quicker recov-
ery to the patient. On the other hand, MIS requires extensive training, because
handling the MIS surgical (laparoscopic) tools is not trivial, the operating area
is visualized by an endoscopic camera, the surgeon has limited view, and long
surgeries can cause great fatigue. Robot-Assisted Minimally Invasive Surgery
(RAMIS) can provide help with these MIS challenges. The da Vinci Surgi-
cal System (dVSS) is at the moment the market leading RAMIS system with
more than 7000 clinical systems all over the world. DVSS can help the sur-
geons with 3D vision, ergonomy, intuitive tool handling, tremor filtering and
motion scaling. DVSS is a teleoperational system, the surgeon remotely oper-
ates the patient-side robotic arms from a master console. With dVSS, MIS can
be more precise, and it can decrease the workload on the surgeon. MIS was a
revolution in medicine 30 years ago, and it is now part of the everyday clini-
cal routine. Training is crucial in the case of MIS, since it requires extensive
practical skills as well. Nevertheless, MIS surgical skill assessment is not part
of the clinical practice. During their studies, surgical residents have to take
practical exams, but the assessment of these is usually done manually by an
expert surgeon. The goal is to assess the skills of the surgeon autonomously,
with available or additional sensors. With autonomous approaches, un-biased,
objective surgical skill assessment can be achieved, furthermore, it does not
require resources from expert surgeons. With the dVSS, these sensory infor-
mation are more trivial to access, the kinematic and video data of the surgeon
is recordable, and the motion of them can be examined. There are technical
and non-technical skills in surgery; technical skills include instrument han-
dling, knowledge of equipment, knowledge of procedure, and indirect indica-
tors (used forces, elapsed time), etc.; non-technical skills are such as leader-
ship, situation awareness, decision making, dealing with stress, etc. Both of
the skillsets make a good surgeon, and with frequent assessment personalized
training and better patient outcome is achievable. Since kinematic data-based
skill classification in RAMIS can achieve an almost perfect accuracy, but en-
doscopic images are available in traditional MIS and in training videos, in this
work, RAMIS technical skill assessment was examined through endoscopic
images, and their correlation with kinematic data was studied. In my first the-
sis group, I proved the applicability of image-based surgical tool pose estima-
tion in RAMIS technical skill assessment, with proposing an articulated tool
pose estimation methodology for robotic surgery training videos and showing
its correlation with kinematic data. I also suggested a semantic segmentation
method for surgical tools in a skill-annotated database to validate image-based
surgical skill assessment. In my second thesis group, I proved the hypothesis
that surgical non-technical skills can be accurately estimated with objective
parameters (image and force). In this thesis work, I presented a training envi-
ronment and workflow for laparoscopic cholecystectomy training, simulating
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a stressful surgical environment. I showed that Artificial Intelligence methods
are powerful tools not just in technical, but in non-technical skill assessment
as well. In my third thesis group, I proposed a complete framework for skill
assessment in the case of surgical automation. Automating the motion of the
camera holder arm is already the part of certain commercialized laparoscopic
systems, and surgical skill assessment is essential in this cases for safety rea-
sons. In this thesis group, I proved that Optical Flow is an image feature,
which correlates with the surgical technical skills. I also proposed a cam-
era motion automation method for the dVSS. Finally, I validated an Optical
Flow ego-motion compensation method to extract the surgical tool motions
only, and to exclude camera motion from the Optical Flow vector field. These
theses can widely support automation of RAMIS technical and non-technical
skill assessment based on sensory data, which can be the next step towards the
deeper understanding of surgical data.
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KIVONAT
Minimál Invazı́v Sebészet (MIS) esetén a sebészek kis bemetszéseken

keresztül érik el a belső szerveket. Ez a megközelı́tés – a nyı́lt műtéthez
képest – kisebb traumát és hegeket, gyorsabb felépülést eredményez a be-
tegnek. A MIS azonban rendszeres gyakorlást igényel; a MIS sebészeti (la-
paroszkópos) eszközök kezelése nem triviális, a műtéti területet endoszkópos
kamera által vizualizált, a sebésznek korlátozott rálátása van az operálandó
területre, továbbá a hosszú műtétek nagy fizikai és mentális terhelést okozhat-
nak. A Robottal Támogatott Minimál Invazı́v Sebészet (Robot-Assisted Mini-
mally Invasive Surgery, RAMIS) támogatást nyújthat az MIS kihı́vásaihoz. A
da Vinci Sebészeti Robotrendszer (da Vinci Surgical System, dVSS) jelenleg
a piacvezető RAMIS eszköz, több mint 7000 klinikai rendszerrel a világon.
A dVSS segı́tséget nyújthat a sebészeknek a 3D látás, az ergonómia, az in-
tuitı́v eszközkezelés, a kézremegés szűrés és átskálázott mozgás révén. A
dVSS egy teleoperációs rendszer, a sebész távolról irányı́tja a beteg oldali
robotkarokat a sebész oldali konzollal, segı́tségével a MIS beavatkozás pon-
tosabb lehet, és csökkentheti a sebész terhelését. A MIS forradalmat jelentett
az orvostudományban, azonban ma már a mindennapi klinikai rutin része. A
képzés döntő fontosságú az MIS esetében, mivel széleskörű gyakorlati isme-
reteket igényel. Ezzel szemben az MIS sebészeti készségek felmérése nem
része a klinikai gyakorlatnak. Tanulmányaik során a sebészeknek gyakorlati
vizsgákat kell tenniük, de ennek kiértékelését általában egy sebész szakorvos
manuálisan végzi. A cél a sebész képességeinek automatizált mérése, rendel-
kezésre álló vagy integrált szenzorokkal. Automatizált megoldásokkal meg-
valósı́tható az objektı́v sebészeti készségfelmérés, továbbá nem igényli gya-
korlott sebész bevonását. A dVSS segı́tségével ezek a szenzoros információk
elérhetőek, a sebész kinematikai és videó adatai rögzı́thetők, mozgásuk vizs-
gálható. Léteznek ún. technikai és nem-technikai készségek a sebészetben;
a technikai készségek, mint például: eszközkezelés és -ismeret, eljárások is-
merete, indirekt indikátorok, pl. felhasznált erők, idő, stb.; a nem-technikai
készségek, mint a vezetői készségek, a helyzeti tudatosság, a döntéshozás,
a stressz kezelése, stb. Mindkét készség-tı́pus fontos a sebészetben, kész-
ségfelméréssel pedig személyre szabott képzés és kedvezőbb műtéti kimenet
érhető el. Mivel RAMIS esetében a kinematikai adatokon alapuló képesség-
osztályozás majdnem tökéletes pontosságot érhet el, és az endoszkópos képek
a hagyományos MIS és oktatóvideók esetében is elérhetők, ebben a dolgozat-
ban a RAMIS technikai készségfelmérést endoszkópos kameraképeken ke-
resztül vizsgáltam, illetve a képi adatok összefüggését a kinematikai adatok-
kal is bemutattam. Bizonyı́tottam a kép alapú sebészeti eszközök pozı́ció-
becslésének alkalmazhatóságát a RAMIS technikai készségfelmérésben egy
sebészeti eszköz pozı́cióbecslés módszertan javaslatával robotsebészeti ok-
tatóvideókhoz és bemutatom a korrelációját a kinematikai adatokkal. Javasol-
tam továbbá egy szemantikai szegmentálási módszert a sebészeti eszközökhöz
egy készség-annotált adatbázisban a képalapú sebészeti készségfelmérés va-
lidálására. Második tézisemben azt a hipotézist bizonyı́tottam, hogy a sebé-
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szeti nem-technikai készségek objektı́v paraméterekkel (kép és erő) becsülhe-
tők. Javasoltam a laparoszkópos cholecystectomia tréninghez képzési környe-
zetet és munkafolyamatot, egy stresszes műtéti környezetet szimulálva. A
dolgozatban bemutattam, hogy a mesterséges intelligencia alapú módszerek
nemcsak a technikai, hanem a nem-technikai készségfelmérésben is hatékony
eszközök. Harmadik téziscsoportomban egy keretrendszert javasoltam a kész-
ségfelméréshez sebészeti folyamatok automatizálásához. A kameratartó kar
mozgásának automatizálása már része bizonyos kereskedelmi forgalomba ho-
zott laparoszkópos rendszereknek, és biztonsági okokból ilyenkor elenged-
hetetlen a sebészi készségfelmérés. Dolgozatomban bizonyı́tottam, hogy az
optikai áramlás egy olyan képjellemző, amely korrelál a sebész technikai
készségeivel. Javasoltam egy kameramozgás automatizálási módszert továbbá
a dVSS-hez. Végül validáltam egy optikai áramlási sajátmozgás kompenzációs
módszert, amely által elérhetőek a sebészeti eszközök mozgása, és kizárja a
kamera mozgását az optikai áramlási vektormezőből. Téziseim széleskörben
támogatják a RAMIS szenzoros adat alapú technikai és nem-technikai kész-
ségfelmérés automatizálását, amely a következő lépés lehet a sebészeti adatok
mélyebb megértése felé.
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Structure of the Thesis

The thesis is consists of six chapters.
Chapter 1 gives an overview on Robot-Assisted Minimally Invasive Surgery and surgi-

cal skill assessment. Surgical skill assessment is divided into two main research domains:
technical and non-technical approaches.

Chapter 2 collects the challenges in the main topical areas of the dissertation, high-
lighting why these problems require a scienti�c solution utilizing novel approaches. The
problems stated in this chapter are related, but not restricted to technical and non-technical
surgical skill assessment. The aim of my work is to propose a solution to the challenges
of these domains.

Chapter 3, 4, 5 are covering the topics of the three major thesis groups, introducing
the core research of my Ph.D. work. The chapters independently address the problems
stated in Chapter 2. All of these chapters start with theoretical background, followed by
methodology, development and experimental validation. The results and the evaluation of
the �ndings are discussed at the end of each chapter.

Finally, Chapter 6 gives a structured summary of the key results of my research, pro-
viding an outlook on the current and future efforts that can utilize the �ndings of this
work.

Numbering of equations, tables and �gures is following the structure of the chapters.
The independent references are numbered as [1],[2],..., thesis-related own publications are
denoted as [RNE-1],[RNE-2],..., while the own publications that are not related to this
thesis are numbered as [RNENR-I],[RNENR-II],... The language of the dissertation is
English, following the U.S. English grammar and spelling rules.
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Frequently used Notations and Symbols

TABLE 1: Common abbreviations and notations

AI Arti�cial Intelligence
AR Augmented Reality
CG Control Group
CIS Computer-Integrated Surgery

ConvAuto Convolutional Autoencoder
CNN Convolutional Neural Network

CSRT Channel and Spatial Reliability Tracker
DCT Discrete Cosine Transformation
DFT Discrete Fourier Transformation
DoA Degree of Autonomy
DoF Degrees of Freedom

DNN Deep Neural Network
DVRK Da Vinci Research Kit
dVSS da Vinci Surgical System
ECM Endoscope Camera Manipulator
FCN Fully Convolutional Neural Network
FDA United States Food and Drug Administration
FLS Fundamentals of Laparoscopic Surgery
FPS Frames per Seconds
FN False Negative
FP False Positive

FRS Fundamentals of Robotic Surgery
GEARS Global Evaluative Assessment of Robotic Skills

HMM Hidden Markov Model
HR Heart Rate

ICARS Interpersonal and Cognitive Assessment for Robotic Surgery
iDT Improved Dense Trajectory
IEC International Electrotechnical Commission
IoU Intersection over Union
ISO International Organization for Standardization

JIGSAWS JHU–ISI Gesture and Skill Assessment Working Set
KT Knot-tying
LC Laparoscopic Cholecystectomy

LDA Linear Discriminant Analysis
LDLJ Natural log of Dimensionless Jerk

LOOCV Leave One Out Cross-Validation
LSTM Long Short-Term Memory
MAE Mean Absolute Error
MES Medical Electrical System

MICCAI The Medical Image Computing and Computer Assisted Intervention Society
MIS Minimally Invasive Surgery
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MP Medical Professionals
MSE Mean Squared Error

NASA-TLX NASA Task Load Index
NN Neural Network
NP Needle-passing

NTS Non-Technical Skills
NOTSS Non-Technical Skills for Surgeons

OF Optical Flow
OR Operating Room

OSATS Objective Structured Assessment of Technical Skill
PCA Principal Component Analysis
PnP Perspective n Point Transformation

PSM Patient Side Manipulator
RAMIS Robot-Assisted Minimally Invasive Surgery
ResNet Residual Neural Network

ROI Region of Interest
ROS Robot Operating System

SURG-TLX Surgical Task Load Index
SA Situation Awareness

SDS Surgical Data Science
SPARC Spectral Arc Length

ST Suturing
STIP Space Temporal Interest Points
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Chapter 1

INTRODUCTION

1.1 A brief introduction to Computer-Integrated Surgery

The history of surgical robotics started in the early 1960s – the US National Aeronautics
and Space Administration (NASA) and the US Department of Defense, Defense Advanced
Research Projects Agency (DARPA) laid the foundations of telerobotic surgical systems.
Originally, their aim was to provide medical assistance for astronauts or wounded soldiers
during their remote missions. For this, teleoperated robots would have been used, operated
from the Earth. Mainly because of costs,at the end of the cold war, the technology was
released for commercial purposes, the attention from telesurgery in space shifted to shorter
distance telesurgery solutions, and soon, the �rst surgical robot prototypes received their
Food and Drug Administration (FDA) clearance, and entered the U.S. market in the year
2000 [18].

The basic concept of Computer-Integrated Surgery (CIS) can be �tted to the Computer-
Aided Design/Computer-Aided Manufacturing (CAD/CAM) paradigm known from the
manufacturing industry, which involves the data–model–plan–execution–evaluation cy-
cle, where surgical robotics takes the most important role in the execution step [1, 19]
(Fig. 1.1). The evolution of advanced information sources mainly images, (such as en-
doscopic, Computed Tomography, Magnetic Resonance Imaging, etc.) and the develop-
ment of robotic devices led to the concept of robot-assisted or robot-executed surgeries
(Fig. 1.2). However, against the everyday terminology, surgical robotics does not neces-
sarily mean high level of autonomy: there are devices, which only performs low-level,
assistance-based automation, such as the market leading da Vinci Surgical System (dVSS,
Intuitive Surgical Inc., Sunnyvale, CA). Advanced image-guided surgical systems, such as
CyberKnife (Accuray Inc., Sunnyvale, CA) can perform high-level autonomy [20].

Pre-operative and intra-operative surgical planning in CIS (in most of the cases) is
based on the human operator, however, with autonomous image segmentation, registra-
tion, classi�cation and diagnosis techniques, the accuracy can be increased, and it can also
decrease the workload of the surgeon [21] (Fig. 1.1). In the case of execution, autonomy,
Augmented Reality (AR)/Virtual Reality (VR), tracking, navigation and advanced robot
control can be an added value in the future. For the future CIS concepts, the intra-operative
evaluation might include decision support, intelligent re-planning, data acquisition and im-
age processing steps. The post-operative analysis can be extended with autonomy assess-
ment, motion analysis and autonomous surgical skill assessment. With advanced algorith-
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Fig. 1.1. The future concept of robotic surgery with advanced algorithm and AI-based support presented
with the surgical CAD/CAM model, based on the original model by Taylor et al. [1].

mic and Arti�cial Intelligence (AI) approaches, higher accuracy and automated surgical
skill ealuation can be achieved in surgical robotics, which can improve patient safety [22].

1.1.1 Robot-Assisted Minimally Invasive Surgery

Minimally Invasive Surgery (MIS) induced a paradigm change in medicine; however, it
presented new challenges for surgeons [23, 24]. In the case of MIS – against traditional,
open-access surgery – inside organs are reached through small skin incisions with laparo-
scopic instruments, and the operating area is visualized with an endoscopic camera. Dur-
ing MIS, the operator (surgeon) has to work in a team as a leader, s/he gives instructions
to a camera handler assistant and the other operating room members, while s/he has to
constantly monitor the operating area typically on a 2D screen in an uncomfortable po-
sition. Thus, despite the clear bene�ts of MIS, including the smaller scars and faster
recovery time, there are drawbacks for the physicians, such as the limited motion space,
complicated instrument control, not ergonomic environment and the 2D endoscopic cam-
era image.

Robot-Assisted Minimally Invasive Surgery (RAMIS) was the next step in the evolu-
tion of MIS: it provided an improved vision system, more accurate and intuitive instrument
control and an ergonomic master console [20, 25]. The most successful RAMIS system
is the dVSS, which is a teleoperated, master-slave type surgical robot. In the case of
the dVSS, the surgeon sits at an ergonomic master console, where he can operate with
intuitively-controlled master arms. The surgeon can use pedals for clutch, and to control
the endoscopic arm, thus camera control is only in the hands of the surgeon. At the patient
side of the da Vinci, there are the remotely controlled (“slave”) arms, which accomplish
the interventions minimally invasively with a motion mechanism called “Remote Center
of Motion” (RCM), which can add to patient safety. The assistant crew works at the pa-
tient side of the da Vinci, where they can help the surgeon and support the intervention,
such as changing the surgical instruments during the operation. At the patient side, there
is a 3D endoscopic camera, through which images are visualized in the screens placed
in the master console; thus, the surgeon can see a magni�ed 3D image of the operating
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Fig. 1.2. Commercialized, ready-to-launch and research robotic surgical systems along the three main
control types (teleoperation, cooperative, image-guided). A) Da Vinci Xi (Intuitive Surgical Inc.), b) Cy-
berKnife (Accuray Inc.), c) TSolution One (THINK Surgical Inc.), d) Senhance Surgical Robotic System
(Asensus Surgical), e) iSYS/Micromate/Stealth autoguide robot (Medtronic), f), Eigen ARTEMIS (Eigen
Health) g), Revo-i (Meerecompany), h) Neuromate (Renishaw), i) Mako (Stryker Corporation), j) Hugo
RAS system (Medtronic), k) Versius (CMR Surgical), l) da Vinci SP (Intuitive Surgical Inc.).

area. The motion of the surgeon can be re-scaled on the patient side of the da Vinci, which
can provide more accurate motion. However, the original idea of remote surgery was to
operate over long distances; for safety reasons, at the moment it is not part of the clinical
practice. The dVSS does not present automation or decision making, the only very low-
level automation in the dVSS is tremor and abrupt motion �ltering. A steep learning curve
has been identi�ed with the da Vinci [26, 25]. Thus, despite the fact that RAMIS can de-
crease the mental workload of the surgeon as shown through by studies, RAMIS remains
a challenging operation to perform not just physically, but mentally as well, because of
the constant communication, teamwork, leadership, decision making and workload condi-
tions [27, 28, 29].

1.2 RAMIS skill training and assessment

It may be important to evaluate surgical skills for quality assurance reasons, when that
becomes part of the hospital's quality management system. Most commonly, only the
proof of participation at theoretical and practical training is required. Arguably, objective
feedback could assist trainees and practicing surgeons as well in improving their skills
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Fig. 1.3. The Dreyfus model of skill acquisition. It de�nes 5 expertise levels and shows the
differences between their qualities [2].

along the carrier. The fundamental challenge with skill assessment is that traditionally, the
patient outcome used to be the only objective metric, and given the amazing variety and
individual characteristic of each procedure, it has been really hard to derive distinguishing
skill parameters. The subjective evaluation provided by other experts did not make it easy
to compare results and metrics, therefore more generally agreed, standardized evaluation
practices and training platforms had to be developed. A good example for this is the Fun-
damentals of Laparoscopic Surgery (FLS), a training and assessment method developed
by the Society of American Gastrointestinal and Endoscopic Surgeons (SAGES) in 1997,
and widely adapted: it measures the manual skills and dexterity of an MIS surgeon, and
provides a comparable scoring [30]. A similar metric for RAMIS surgeons was recently
introduced, called Fundamentals of Robotic Surgery (FRS) [31].

In general, to understand the notions of 'skill' and 'skill assessment', the Dreyfus
model [32] can be considered. The Dreyfus model refers to the evolution of the learn-
ing process, and it describes the typical features of the expertise levels (Fig. 1.3). For
example, a novice (in general) can only follow simple instructions, but an expert can bet-
ter react to previously unseen situations. In the literature, other skill models can be found,
such as the classic Rasmussen model, which was created for modeling skill-, rule- and
knowledge-based performance levels [33]. An other approach for modeling skills was in-
troduced by Azari et al., which is speci�cally created for modeling surgical performance
domains (Fig.1.4) [3]. RAMIS provides a unique platform to measure parameters which
can help us in de�ning these skill levels objectively, since it makes low level motion data
and spatial information available. Finding the proper parameters and algorithms that de-
�ne the surgical skills is crucial in assessment [34].

There are several console training methods for RAMIS, which can provide the required
practice for the surgeon [35]:

• virtual reality simulators;
• dry lab training;
• wet lab training;
• training in the operating room with a mentor.

Each has their own advantages and disadvantages, but from the clinical applicability
point of view, the most important question is how fairly do these represent surgical skills.
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Fig. 1.4. Quanti�ed performance model for surgical skill performance. The model describes
the terms of 'skill': experience, excellence, ability and aptitude. ”Ability” can be de�ned as the
cumulative result of all actions that a surgeon has previously shown competence in, essentially
represented as the area under continuous performance curves. On the contrary, ”aptitude” refers
to the speed or slope of this curve from the moment deliberate practice starts to when a surgeon
consistently demonstrates competence. Meanwhile, ”experience” can be visualized as an ever-
expanding domain and depth of familiarity, encompassing the total number of distinct encounters
and deliberate practice instances throughout a surgeon's professional journey [3].

Nowadays, there is still no objective surgical skill assessment method used in the operat-
ing room (OR) beyond board examination more experienced surgeons may provide some
feedback, but rarely quantify the skills of their colleagues.

1.2.1 RAMIS technical and non-technical skill assessment

The improvements of RAMIS can help the surgeon, however, RAMIS is still a hard task
to master; continuous training and feedback about the performance is crucial. Technical
skills in RAMIS are related to the basic skills of the surgeon (knowing the instruments,
using the right tools, etc.), the control of the robot and MIS tools (bimanual dexterity,
endoscopic camera handling, clutch handling, instruments kept in view, etc.) and tissue
handling (force sensitivity). Nevertheless, non-technical skill assessment is less exact.
Despite the fact that RAMIS can decrease the mental workload of the surgeon as shown
through studies, RAMIS remains a challenging operation to perform not just physically,
but mentally as well, because of the constant communication, teamwork, leadership, deci-
sion making and workload conditions (Fig. 1.5) [27, 28, 29].

The workload on the surgeon – which represents the effort to perform a task – can be
high in several segments of a procedure: there are mental, physical and temporal demands;
furthermore, task complexity (including multitasking, task novelty), situational stress and
distractions can in�uence the outcome of the surgery [14, 36] (Fig. 1.6). Naturally, the
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Fig. 1.5. The da Vinci S with the identi�ed non-technical skills and workload. The surgeon operates at the
master side of the system, while the assistance helps their work at the patient side. The patient side arms
are controlled by the surgeon with the master arms. Robot-Assisted Minimally Invasive Surgery requires
not just technical skills, but non-technical skills as well from the operating crew, speci�cally inter-personal
skills, leadership, cognitive skills and personal resource skills, while they have to deal with the workload.
Original image credit: Intuitive Surgical Inc. [4].

same task can cause different workload to different operators. Non-technical skills (NTS)
related to the workload on the surgeon, furthermore, it can directly affect surgical outcome.
NTS include communication, teamwork, task management, leadership, decision making,
situational awareness and cope with stress, fatigue and distractions based on validated met-
rics, such as Non-Technical Skills for Surgeons (NOTSS) and Interpersonal and Cognitive
Assessment for Robotic Surgery (ICARS) [16, 17] (Fig. 1.6). While it is straightforward
that technical skills are crucial for better surgical outcomes, non-technical surgical skills
can be as important as technical skills. Clinical failures in the operating room may come
from low NTS of the surgeon than the lack of technical skills [37, 38, 39].

In the literature, three approaches for surgical performance assessment can be identi-
�ed [40, 41]:

• self-rating questionnaires;
• expert-based scoring and
• automated skill assessment.

Questionnaires are �lled by the operator; thus, it is easy to implement and subjective.
Objective scoring is done by an expert panel, based on a standardized method [42]. Expert
ratings are supposedly objective, yet may be biased for personal reasons, furthermore, they
can be hard to implement, being human resource intensive. Automated skill assessment is
based on objectively measurable parameters (such as applied forces, movement velocity,
etc.), however, in most cases, it is technically not easy to implement. Robotic surgical
systems can provide a unique platform for objective skill assessment due to the recordable
kinematic and video data [20]. The mentioned surgical skill assessment approaches can be
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Fig. 1.6. Surgical skills are built of technical skills, non-technical skills and workload. Surgical skill
training and assessment can directly affect the skills of the surgeon, and through patient outcome.

found in technical skill, non-technical skill and mental workload assessment as well. For
mental workload assessment, questionnaires and automated solutions can be useful tools,
and for technical and non-technical skill assessment all of the methods (questionnaires,
expert-rating and automated techniques) can be utilized.

The difference between traditional MIS and RAMIS mental workload was examined
in some studies [43, 44], demonstrating lower mental workload in the case of RAMIS.
However, questionnaires created for traditional MIS were used in these studies, the main
workload parameters in RAMIS are not yet de�ned. For RAMIS, non-technical skill as-
sessment expert-rating methods originally created for traditional MIS can be found [45,
46]. There is one metric speci�cally created for RAMIS non-technical expert-rating as-
sessment (ICARS, [17]), which collects the most important NTS in RAMIS (Fig. 1.6).
NTS are naturally hard to be measured automatically. The possibilities for automated
RAMIS non-technical skill assessment are similar to traditional MIS, such as relying on
physiological signals measured by additional sensors [47].

The goal of technical and non-technical skill assessment is to employ automated and
objective methods to measure the skills of the surgeon; thus avoiding biased assessment
and the need for human resources. The built-in sensors of RAMIS can signi�cantly ease
automated skill assessment, since there are recordable kinematic and video parameters of
the surgery (such as tool trajectory, orientation, velocity, etc.), which can provide input
for skill assessment algorithms (statistical analysis or AI methods), towards manual MIS,
where these data are only available with additional sensors. The clinical dVSS is a closed
system, therefore to analyze surgical data, external recorders are necessary, such as the
da Vinci Research Kit (DVRK, developed by a consortium led by Johns Hopkins Univer-
sity and Worcester Polytechnic Institute), which can provide open-source hardware and
software elements with complete read and write access to the �rst generation da Vinci
arms [48].
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Fig. 1.7. Robot-Assisted Minimally Invasive Surgical systems architecture and typical layout diagram with
the most important components in the case of non-technical skill assessment and mental load evaluation
based on the IEC 80601-2-77 robotic surgery safety standard [5, 6].

To understand where NTS can be identi�ed in the case of RAMIS, high priority (in-
teraction and communication) channels and interfaces have to be identi�ed and analyzed.
The International Electrotechnical Commission (IEC) and the International Organization
for Standardization (ISO) published a safety standard for surgical robots, the IEC 80601-
2-77. In the standard, the components of RAMIS are de�ned, and a basic diagram of
RAMIS is introduced [49, 5]. Based on the proposed working diagram, the most impor-
tant components in non-technical skill assessment (Fig. 1.7) are highlighted. For this, the
following de�nitions were used from IEC 80601-2-77, following the taxonomy of the IEC
60601-1 medical device core standard:

• Robotically Assisted (or Robot-Assisted) Surgical Equipment – RASE: ' Medi-
cal electrical equipment that incorporates programmable electrical medical system
actuated mechanism intended to facilitate the placement or manipulation of robotic
surgical instrument'

• Robotic surgical instrument: ' Invasive device with applied part, intended to be
manipulated by RASE to perform tasks in surgery'

• Interface conditions: Conditions that shall be ful�lled to achieve basic safety for
any functional connection between RAMIS and other medical electrical equipment
or non-Medical electrical equipment in the robotic surgery con�guration

• Mechanical interface: Mounting surface on RAMIS that allows for attachment of
detachable accessories, components, or parts that are mechanically manipulated by
the RAMIS
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Fig. 1.8. Autonomous technical and non-technical surgical skill assessment input (endoscopic image and
kinematic data) and steps. All steps under skill assessment are covered in this PhD thesis.

• Endoscopic equipment: ' Energized endoscope together with its supply unit(s), as
required for its intended use' [5, 49].

It is worth mentioning that the terminology of the ISO/IEC standard with respect to
RASE slightly differs from RAMIS, mostly due to the fact that in the ISO sense, the term
“robot” is de�ned with a much narrower meaning [50].

In Fig. 1.7, the components of RAMIS and the most important components in non-
technical skill assessment are shown. Based on the literature �ndings, non-technical skill
and workload can be assessed with the communication channel between the surgeon and
the assistants, and with the cognitive and personal resource skills of the operating room
crew, such as based on physiological signals or questionnaires, as it can be seen on the
image, the surgeon's decisions are inseparable from the control loop of RAMIS systems.
It suggests that NTS and workload might be shown in objectively measurable parameters,
which means, non-technical skill assessment is not necessarily different from technical
skill assessment in terms of the implementing approaches [51]. This may ease objective,
automated non-technical surgical skill assessment in RAMIS. However, in the case of
RAMIS, not many studies examined this correlation.

1.2.2 System design

In my PhD work, I have been focusing on autonomous technical and non-technical sur-
gical skill assessment based on endoscopic image and kinematic data (Fig. 1.8). Sensory
data in RAMIS can be originated from clinical interventions, technical or non-technical
skill training, or even surgical subtask automation. The data should be properly collected
and synchronized. Under autonomous skill assessment, image feature extraction, surgical
tool segmentation, surgical tool pose estimation, motion analysis and skill classi�cation
techniques were considered.
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Chapter 2

RESEARCH PROBLEM STATEMENT

Training and skill evaluation is crucial in the case of MIS, since it requires extensive prac-
tical skills as well, while surgical skill assessment is not yet part of the clinical practice.
With autonomous technology-supported approaches, non-biased, objective surgical skill
assessment can be achieved, furthermore, it does not require resources from human evalu-
ations.

While kinematic data-based skill classi�cation in RAMIS can achieve close to 100 %
accuracy, but endoscopic images are more generally available in traditional MIS and in
training videos, therefore there is a need for RAMIS technical skill assessment examined
through endoscopic images. However, the accuracy of image-based surgical skill assess-
ment is still below the kinematic data-based solutions. Surgical skill assessment has to
be validated on an annotated database, but for the widely-used JHU–ISI Gesture and Skill
Assessment Working Set (JIGSAWS), image annotation is not available, thus it is hard to
validate image-based skill assessment.

• Problem 1: Image-based skill assessment's accuracy should be improved, because
endoscopic camera images are the only widely accessible data. Semantic segmenta-
tion of the surgical tools on training videos should be available.

Non-technical surgical skill assessment is not a widely studied research domain, while
clinical failures in the OR may just as commonly originate from low non-technical skills
of the surgeon than the lack of technical skills.

• Problem 2:Non-technical skill needs training and evaluation. Non-technical surgi-
cal skills should be examined with autonomous techniques as well.

Automating the motion of the camera holder arm can decrease the cognitive workload
on the surgeon, while surgical skill assessment is essential in this cases for safety reasons.
However, image-based skill assessment can be complex if the camera is moving as well.

• Problem 3: Image-based skill assessment is necessary in the case of automated
camera motion for safety reasons. A solution should be provided to �lter the camera
motion from the visual scene.

The problems identi�ed above summarize three areas covering an important set of
interconnected issues, and address scienti�c problems relevant to the clinical practice.
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Chapter 3

IMAGE-BASED AUTOMATED
TECHNICAL SKILL ASSESSMENT
IN RAMIS

3.1 Methods for technical skill assessment in RAMIS

3.1.1 Manual assessment

In the case of manual RAMIS skill assessment, just like with traditional MIS, a team
of expert surgeons in the OR evaluates the execution of the intervention based on their
knowledge, the speci�c OR work�ow and the expected outcome. This approach is easy
to implement, yet, very costly (in terms of human resource and effort). It may be accurate
averaged over multiple reviewers, but each individual assessment is quite subjective across
boards, and it may be heavily distorted by personal opinions, and in�uenced by the level of
expertise of that particular domain. The types of objective manual surgical skill evaluation
in the case of RAMIS aregeneric, procedure-speci�canderror-based[52]. The simplest
approach is the error-based manual assessment, because it only requires a typical error
detection during the procedures. Procedure speci�c techniques examine the skills what
needed in speci�c interventions. Generic manual skill assessment is the most complex,
which evaluate the global skills of the surgeons.

A typical approach of manual RAMIS skill assessment is not to quantify the over-
all skills, just to evaluate particular skills needed in speci�c procedures, or only measure
the errors made during the execution. In many cases, procedure-speci�c assessment is
required, where the assessment metric is created for a speci�c surgical procedure (such
as cholecystectomy, radical prostatectomy, etc.). Prostatectomy Assessment and Compe-
tence Evaluation (PACE) scoring is created for robot-assisted radical prostatectomy skill
assessment. PACE metric includes the following evaluation points [53]:

• bladder drop;
• preparation of the prostate;
• bladder neck dissection;
• dissection of the seminal vesicles;
• preparation of the neurovascular bundle;
• apical dissection, anastomosis.
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Cystectomy Assessment and Surgical Evaluation (CASE) is for robot-assisted radical
cystectomy procedures. CASE evaluates the skills based on eight main domains [54]:

• pelvic lymph node dissection;
• development of the peri-ureteral space;
• lateral pelvic space;
• anterior rectal space;
• control of the vascular pedicle;
• anterior vesical space;
• control of the dorsal venous complex;
• apical dissection.

In the case of PACE and CASE, surgical pro�ciency was represented in every domain
on a 5-point Likert scale, where 1 means the lowest and 5 means the highest performance
(the score meaning is de�ned in every domain, such as injuries). Beyond these two speci�c
methods, further scoring metrics for other interventions can be found in the literature [55,
56].

In most of the cases, any damage caused re�ects the skills of the surgeons retrospec-
tively: such as blood loss, tissue damage, etc. Generic Error Rating Tool (GERT) is a
framework to measure technical errors during MIS; it was speci�cally created for gyneco-
logic laparoscopy [57]. The validation tests showed promising results for the usability of
GERT for objective skill assessment (its correlation to OSATS was examined) [58].

Generic manual assessment techniques evaluate the skills, based on the whole proce-
dure/training technique, considering several points of the surgery, but not considering a
speci�c technique. Global Evaluative Assessment of Robotic Skills (GEARS) was par-
ticularly created for robotic surgery, where expert surgeons assess the operator's robotic
surgical skills manually. GEARS metric involves the assessment of the followings [35]:

• depth perception (from overshooting target to accurate directions to the right plane);
• bimanual dexterity (one from hand usage to using both hands in a complementary

way);
• ef�ciency (from inef�cient efforts to �uid and ef�cient progression);
• force sensitivity (from injuring nearby structures to negligible injuries);
• robotic control skills (based on camera and hand positions).

The surgical experts score the performance on a �ve scale score system. GEARS is
a well-studied metric: validity tests and comparisons with GEARS can be found in the
literature [35, 59, 60, 61, 62, 63, 64, 65, 66, 67, 68, 69]. GEARS showed results for the
clinical usability and construct validity as well.

There are several modi�cations to the basic scoring skill assessment techniques, such
as speci�ed GEARS for endoluminal surgical platforms, called 'Global Evaluative Assess-
ment of Robotic Skills in Endoscopy' (GEARS-E) [70]. GEARS-E is similar to GEARS,
it measures depth perception, bimanual dexterity, ef�ciency, tissue handling, autonomy
and endoscope control, but it was created for Master and Slave Transluminal Endoscopic
Robot (MASTER) surgeries. GEARS-E is not yet widespread, because it is a relatively
new technique, but the pilot study showed correlations to surgical expertise when using
the MASTER.

Objective Structured Assessment of Technical Skills (OSATS) was originally created
for evaluating traditional MIS skills along with FLS in 1997. OSATS involves the follow-
ing evaluation points [71, 72]:

33



• respect for tissue (used forces, caused damage);
• time and motion (ef�ciency of time and motion);
• instrument handling (movements �uidity);
• knowledge of instruments (types and names);
• �ow of operations (stops frequency);
• use of assistants (proper strategy);
• knowledge of speci�c procedure (familiarity of the aspect of the operation).

OSATS has an adaptation to robotic surgery: the Robotic Objective Structured Assess-
ments of Technical Skills (R-OSATS) [73, 74]. The R-OSATS metric evaluates the skills
of the surgeon based on the depth perception/accuracy, force/tissue handling, dexterity
and ef�ciency. R-OSATS was tested typically with gynecology students, it has construct
validity, and in the tests, both the interrater and intrarater reliability were high [72].

3.1.2 Virtual Reality simulators

VR surgical robot simulators primarily support training, they can also be a great tool to
measure surgical skills objectively in a well-de�ned environment, since all motions, con-
tacts, errors, etc. can be computed in the VR environment. A typical RAMIS simulator
involves a master side construction and the virtual surgical task simulation. The master
side is responsible for studying the usage of a teleoperation system (master arm handling,
foot pedals, etc.), and to test the ergonomy. The simulation of the surgical task in the case
of a surgical robot simulator has to looking life-like and be clinically relevant. During
the training, the VR simulators often estimate the skills based on manual skill assessment
techniques (such as OSATS), but in an automated way.

Since the dVSS dominates the global market, VR simulators are also focusing on da
Vinci surgery. There are more than 5000 da Vinci simulators at the customer sites around
the globe [75]. At the moment, there are six different commercially available da Vinci sur-
gical robot simulators: the da Vinci Skills Simulator (Intuitive Surgical Inc.), dV-Trainer
(Mimic Technologies Inc., Seattle, WA), Robotic Surgery Simulator (RoSS, Simulated
Surgical Sciences LLC, Buffalo, NY), SEP Robot (SimSurgery, Norway), Robotix Men-
tor (3D systems (formerly Symbionix), Israel) and the Actaeon Robotic Surgery Training
Console (BBZ Srl, University of Verona [76]). A novel surgical simulation program is
the SimNow by da Vinci (Intuitive Surgical Inc.) [77]. SimNow involves surgical training
using virtual instruments, guided and freehand procedure simulations and tracking skills
and optimizing learning with management tools. In this section, the three most common
types of VR simulators are reviewed: the DVSS, the dV-Trainer and the RoSS (Fig. 3.1).

DVSS can be attached to an actual da Vinci (da Vinci Xi, X or Si), with the main
bene�t that the surgeon can train on the actual robotic hardware, yet, it poses logistical
problems, since while a trainee uses the simulator, the robot cannot be used for surgery.
The dVSS contains the following surgical training categories [7]:

• EndoWrist manipulation;
• camera and clutching;
• energy and dissection;
• needle control;
• needle driving;
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• suturing;
• additional games.

The dVSS measures the skills based on the economy of motion, time to complete,
instrument collisions, master workspace range, critical errors, instruments out of view,
excessive force applied, missed targets drops, misapplied energy time. The simulator costs
about $85,000 [7, 35, 78, 79, 80, 81].

The dV-Trainer emulates the da Vinci master console, thus it operates separated from
the actual da Vinci robot. It contains additional training exercises to the dVSS [7]:

• troubleshooting;
• Research Training Network (VR exercises to match physical devices in use by the

research training network);
• Maestro AR (AR exercises that allow 3D interactions).

The dV-Trainer assesses skill with a very similar metric to the dVSS. In newer dV-
Trainer versions, an alternative scoring system is available, called ”Pro�ciency Based Sys-
tem”, which based on expert surgeon data, and the interpretation of the data is different,
furthermore the user can customize the protocol. The dV-Trainer costs about $96,000.

RoSS (as the dV-Trainer) is a stand-alone da Vinci simulator, involving numerous mod-
ules [7]:

• orientation module;
• motor skills module;
• basic surgical skills module;
• intermediate surgical skills module;
• blunt dissection and vessel dissection;
• hands-on surgical training module.

RoSS assesses the skills of the surgeon based on the camera usage, the number of left
and right tool grasps, the distance while the left and right tool was out of view, the number
of errors (collision or drop), the time to complete the task, the collisions of tools and tissue
damage. RoSS costs about $126,000.

In the literature, most papers dealing with surgical robot simulators are focused on the
curriculum and the technical layout, yet, in this work, the skill assessment and scoring part
is crucial.

3.1.3 Automated assessment

Surgical robotics provides a unique platform to evaluate surgical skills automatically.
RAMIS automated skill assessment does not need additional sensors to examine the sur-
geon's movements, camera handling, focusing on the image, etc., because these events,
errors or movements can be recorded straight through the robotic control system. Auto-
mated assessment can be a powerful tool to evaluate surgical skills due to its objectivity,
furthermore it does not require human resources, however, in some cases, it can be hard to
implement these.

Two main types of automated skill assessment methods can be recognizable in the
literature:global information-basedandlanguage model-basedskill assessment. Global
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