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ABSTRACT

Minimally invasive neurosurgery involves a surgical intervention to treat the diseases of the
brain and spinal cord by smaller incisions or reaching through natural orifices with the
help of an endoscope. Iatrogenic errors that occur while performing the surgery account
for the eighth leading cause of death in America. This has drawn attention to training
surgeons in fundamental technical skills. The neuro-endoscopic procedures are complex
because of physical, visual, motor, spatial, and haptic constraints and minimal margin of
error. The existing skills training method through the apprenticeship model is time-bound
(3yrs/6yrs), mentor-dependent, non-uniform, anecdotal, and slow skills acquisition. This
thesis is motivated by the fact that there are no validated skills evaluation methods in
Neuroendoscopy. Our contributions are based on the collaborative efforts of surgeons and
technologists to provide computer vision-based standardized and automatic skills evaluation
modules to improve neuro-endoscopic skills training.

We started with a systematic review of the existing skills training modules available in
Neuroendoscopy including the virtual and physical simulation models and their evaluation
methods. We found that physical simulators provide real surgical hands-on skills exposure
and are cost-effective simulation models that can facilitate video analysis of the simulation.
We used a novel open-source physical partial task simulator called a Neuro-Endo-Trainer
(NET) developed by our group for our evaluation studies.

In this thesis, we incorporate an auxiliary static camera inside the NET training box
to record and analyze the surgical activity to facilitate automatic activity detection. The
video analysis is performed by automatically segmenting the input video stream into sub-
tasks using a Mixture of Gaussian-based background subtraction and the Tracking Learning
Detection algorithm. The motion statistics in each sub-task are collated into a synopsis to
provide feedback to the trainee.

Surgical instruments are made of stainless steel and traditional computer vision-based
tracking models fail to track the tool robustly. We explore deep-learning-based tool seg-
mentation methods and more sophisticated machine learning-based skills evaluation meth-
ods. For this, we propose new datasets; the data of NET simulation environment as Neuro-
endoscopic Technological Skills Training Dataset (NETS) and clinical neuro-endoscopic en-
donasal endoscopic transsphenoidal surgery (EETS). We also analyze the various datasets
available in the literature for surgical instrument segmentation and skills training like En-
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doscopic Vision Challenge EndoVis2017 (EV17), Endovis2018 (EV18), and JHU-ISI Gesture
and Skill Assessment Working Set (JIGSAWS). We augment instance segmentation to EV18
and JIGSAWS datasets. We then explore various deep-learning methods for accurate instance
segmentation of surgical instruments.

We identified that current state-of-the-art (sota ) techniques fine-tune contemporary
models trained on natural images for surgical instance segmentation, but manage to give
a low accuracy only (Challenge iou = 0.55). Our investigation reveals that, though the
accuracy of the bounding box and mask is high, the classification head performs poorly. We
perform strategic modifications in the modern two-stage instance segmentation model to
introduce a third stage specializing in classification to correct the prediction masks labels.
We introduce multi-scale mask attention in the third stage to emphasize the instrument
regions in the image. Surgical instruments are visually very similar, so typical cross entropy-
based classifier training is insufficient. We train our third stage using metric learning and
arcloss to correctly classify the predicted mask instance. Compared with almost 18 methods
published in top vision conferences, our exhaustive experiments show that we improve upon
all the methods and achieve at least 17 points (30%) improvement over the sota on the
benchmark EV17 challenge. We conduct exhaustive experiments on the other datasets EV18
and the proposed EETS dataset. We also propose a novel Cumulative iou metric for instance
segmentation of instruments.

We then explore machine-learning-based evaluation methods to improve our synopsis-
based skills evaluation framework of NET. We extend the feedback to the trainee based on
machine-learning based adaptation of the expert evaluation to provide a robust, automatic,
and repeatable technological solution for surgical skills evaluation. A multi-path neural
network framework for automated skills assessment using various surgical skill aspects is a
promising and adaptable solution for different surgical scenarios. We study the multi-path
framework for skills assessment for JIGSAWS and proposed NETS dataset. Our experiments
show that the method does not generalize well to our dataset. Hence, we propose a dynamic
variant of rank-loss for contrastive learning of video representation along with the Mean-
Squared Error (MSE) loss. This enables the network to learn the discriminative features
that predict the relative rank of the skills for pairs and thereby better correlate with the
expert surgeon’s ranking. We provide cutting edge results on surgical skills evaluation
for JIGSAWS and proposed NETS dataset with improvement of 5% and 27 % respectively
over sota method. It is expected that the outcomes of this research will pave the path
for developing more sophisticated video analysis algorithms, hybrid and augmented reality
simulators, and automated skills evaluation methods in the field of neurosurgery.

KEYWORDS: Neuroendoscopy, Simulators, Video Analysis, Activity Detec-
tion, Surgical Instrument, Instance Segmentation, Automatic
skills Evaluation
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ABBREVIATIONS

2D 2-Dimensional
3D 3-Dimensional
OR Operating Room
VR Virtual Reality
ETV Endoscopic Third Ventriculostomy
EETS Endoscopic Endonasal Transsphenoidal Surgery
NET Neuro-Endo-Trainer
OSATS Objective structured assessment of technical skill
SIMONT Sinus Model Oto-Rhino Neuro Trainer
A.S.P.E.N. Anatomical Simulator for Pediatric Neurosurgery
NEVAT Neuroendoscopic Ventriculostomy Assessment Tool
CL Checklist
GRS Global Rating Scale
LMIC Low- and Middle-Income Countries
ESS Endoscopic Sinus Surgery Simulator
EEA Endoscopic Endonasal Approach
CT Computed Tomography
USB Universal Serial Bus
ICSAD Imperial College Surgical Assessment Device
IMU Inertial Measurement Unit
NETS-SAS Neurosurgery Education and Training School- Skills Assessment Scale
TLD Tracking Learning Detection algorithm
HOG Histogram of Oriented Gradients
LSVM Latent Support Vector Machine
SVM Support Vector Machine
CCA Canonical correlation analysis
ENTS Endo-Nasal Transsphenoidal Skull-base surgeries
VE Virtual Endoscopy
3D 3-Dimensional
VIVENDI Virtual Ventricle Endoscopy
MRI Magnetic Resonance Imaging
MRA Magnetic Resonance Angiography
KisMo Kismet modeler
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KFF Kismet Force Feedback
FEM Finite Element Method
STL Stereolithography
VTK Visualization Toolkit
VVRS Visualization Virtual Reality Simulation
SR-VE Surface Rendered-Virtual Endoscopy
VR-VE Volume Rendered-Virtual Endoscopy
PPU Physics Processing Unit
SPH Smoothed Particle Hydrodynamics
FESS Fundamental Endoscopic Sinus Surgery Training Simulator
DOF Degrees of Freedom
NES Nasal Endoscopy Simulator
CT Computed Tomography
ESS or ES3 Endoscopic Sinus Surgery Simulator
ENT Ear Nose Throat
MISTVR Minimally Invasive Surgical Trainer Virtual Reality
PicSOr Pictorial Surface Orientation
VSE Virtual Surgical Environment
ITK Image Processing ToolKit
OHNS Otorhinolaryngology-Head & Neck Surgery
RMOs Resident Medical Officers
MSESS McGill simulator for endoscopic sinus surgery
ECE Educational Computer-based-simulation Environment
AR Augmented Reality
NRC National Research Council of Canada
GAINS Global Assessment of Intraoperative Neurosurgical Skills
NEVAT Neuro-Endoscopic Ventriculostomy Assessment Tool
JIGSAWS JHU-ISI Gesture and Skill Assessment Working Set
EndoVis17 Endoscopic Vision Challenge 2017
EndoVis18 Endoscopic Vision Challenge 2018
EndoVis19 Endoscopic Vision Challenge 2019
NETS-SAS Neurosurgery Education and Training School-Skills Assessment Scale
RobustMIS Robust Medical Instance Segmentation 2019
CADIS Cataract Dataset for Image Segmentation
TLD Tracking-Learning-Detection
NETS Neuro-endoscopic Technical Skills Training Dataset
ISINet Instance-based Surgical Instrument Segmentation Network
NETA Neuro-EndoTrainer Activity Dataset
NETE Neuro-EndoTrainer Event Dataset
NETIS Neuro-EndoTrainer Instrument Segmentation
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