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ABSTRACT In minimally invasive surgery, robotics integration has been crucial, with a current focus
on developing collaborative algorithms to reduce surgeons’ workload. Effective human-robot collaboration
requires robots to perceive surgeons’ gestures during interventions for appropriate assistance. Research in
this task has utilized both image data, mainly using Deep Learning and Convolutional Neural Networks,
and kinematic data extracted from the surgeons’ instruments, processing kinematic sequences with Markov
models, Recurrent Neural Networks and even unsupervised learning techniques. However, most studies that
develop recognition models with kinematic data do not take into account any study of the significance that
each kinematic variable plays in the recognition task, allowing for informed decisions at the time of training
simpler models and choosing the sensor systems in deployment platforms. For that purpose, this work
models the laparoscopic suturing manoeuvre as a set of simpler gestures to be recognized and, using the
ReliefF algorithm on the JIGSAWS dataset’s kinematic data, presents a study of significance of the different
kinematic variables. To validate this study, three classification models based on the multilayer perceptron
and on Hidden Markov Models have been trained using both the complete set of variables and a reduced
selection including only the most significant. The results show that the aperture angle and orientation of the
surgical tools retain enough information about the chosen gestures that the accuracy does not vary between
equivalent models by more than 5.84% in any case.

INDEX TERMS Feature selection, hidden Markov models, laparoscopic suturing, neural networks, surgical
gestures recognition, surgical robotics.

I. INTRODUCTION

Laparoscopic surgery is a type of minimally invasive surgery
that involves interventions in the abdominal area. This type
of surgery arises from the need to develop procedures
that would minimise injuries caused by conventional open
surgery. In laparoscopic surgery, interventions are performed
by introducing special elongated tubular instruments and an
endoscopic camera through small incisions in the patient’s
abdomen, previously insufflated with carbon dioxide in order
to create a working space. This type of surgery has a number
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of advantages, including a reduction in mortality, length of
hospital stay, and intervention costs [1]. However, it also has
some disadvantages such as a steep learning curve, loss of
3D vision, or lack of ergonomics, which lead to increased
surgeon fatigue, reducing surgeon performance [2].

To address the problems presented by laparoscopy, robotic
systems have long been developed to perform minimally
invasive procedures, in which typically the surgeon operates
a series of robotic instruments by means of teleoperation.
This increases the precision of the intervention, improving
the accuracy, efficiency and results of surgical interventions,
and allows surgeons to carry out laparoscopic procedures in
a more precise and controlled manner, providing ergonomics
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and reducing training times for doctors [3]. These type of
robotic systems, however, are teleoperated systems, in which
robots simply reproduce the movements that a surgeon
performs through a controller. These kind of systems are
generally not capable of performing tasks autonomously.
Research on how to make robotic camera-handling systems
more autonomous in laparoscopic surgery had already begun
in 2014 [4], [5].

One of the main challenges of autonomous surgical
robotics research is to reach level 4 autonomy, as proposed
in [6]. These robotic platforms must be able to plan and
execute a sequence of surgical manoeuvres autonomously.
However, the need for the surgeon to supervise the entire
process, and to have the capacity to intervene and take control
of the robotic platform if necessary is also highlighted,
which introduces a necessity for human-robot collaboration
in autonomous surgical robotics. Some works such as [7]
or [8] study the automation of the reasoning part of robotic
platforms from the perspective of learning by demonstration
and learning by reinforcement respectively, although they do
not take into account aspects like the inclusion of systems for
identifying the surgeon’s gestures [9] or supervision systems
for comparing the expected results with those obtained [10].

In the last years, there has been a growing interest in the
development of perception algorithms capable of recognising
the the gestures made by the surgeon during the intervention,
in terms that are useful for human-robot collaborative
systems. These algorithms use data extracted from the
surgical environment mainly in the form of either video or
kinematic data extracted from the surgeons’ tools, generally
used to build Machine Learning perception systems [11].
In the case of the models that use kinematic data, the
choice of the variables to be used in the recognition models
determines the amount of sensors that the platform needs to
have, and the complexity of the algorithms that need to be
implemented. Because of this, it is necessary to address the
problem of kinematic features selection, verifying that the
most relevant variables are selected, and that they contain
enough information for the recognition algorithms to work.

This work proposes a method to validate a kinematic
features selection algorithm that can be used to select
the most relevant variables for the recognition of surgical
gestures. The method consists in the training and testing
of a set of classifiers, using the same dataset and different
architecture configurations for each one of them, while
varying the set of kinematic variables fed to the recognizers
with each of the different classifier configurations. In this
work, two of the classifiers are based on Hidden Markov
Models (HMMs), as they allow for the modeling of the
sequential dynamics of time series like the kinematic data
extracted from the surgeons’ tools. The other one is based
on Multilayer Perceptron (MLP) neural networks, which
are suitable for the classification of non-linearly inseparable
problems like the recognition of surgical gestures, although
they do not capture the sequentiality of the data. Also,
in this work, the manoeuvre to be studied is the laparoscopic
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suturing manoeuvre, because of the clear differentiation of
roles of each of the surgeon’s tools during the procedure,
which allows for the potential study and implementation
of human-robot collaboration paradigms in future works.
However, the work can be extended to other types of
laparoscopic procedures that can be formulated as a sequence
of simpler gestures.

The rest of the paper is structured as follows. Section II
provides a description of previous works in the field of
perception of surgical gestures. Section III describes the
problem statement, and the state machine model of the
suture manoeuvre used in this work. Section IV analyses
the kinematic variables used for the recognition of the
surgeon’s gestures, and the significance of the different
variables using a feature selection algorithm. Section V
describes the HMM-based classifiers used for the recognition
of the gestures and Section VI describes the MLP based
classifier. Section VII presents the results obtained from
the training of the models, using all the different classifier
configurations, and Section VIII presents a discussion of the
results, validating the significance of the kinematic variables.
Finally, Section IX presents the conclusions of the work.

Il. RELATED WORK

To implement human-robot collaboration paradigms, it is
necessary for the robots to perceive the surgical field
and the surgeon’s gestures, so that it can perform the
actions that best assist the surgeon. Multiple works study
perception systems that analyse surgical images, mostly
through Machine Learning techniques [12]. Some works
like [13] use Deep Neural Network (DNN) architectures to
identify the surgeon’s tools in endoscopic images, providing
a segmented version of the image from which the localization
of the tool can be inferred. There are other works that can
complement the latter, providing a 3D point cloud of the
elements of the surgical field seen by the endoscope, using
Visual SLAM techniques [14].

Some of the works of the last years center around the
use of endoscopic images to recognize the surgical phase,
like [15], in which uses a DNN together with an attention
mechanism and the Online Hard Frame Mapper (OHFM) to
extract the image features and recognize the phase. Other
works like [9] use Convolutional Neural Networks together
with Long Short-Term Memory (LSTM) blocks, a type of
recurrent neural network, to classify surgical gestures. In spite
of that, there are also works that do not solely rely on the
use of images to recognise the phase, but also implement
ontology-based models of the procedure and reasoners to
infer that information with different levels of abstraction [16].

In addition to image based gesture classifiers, there is also a
big group of works that study the recognition of the surgeons’
gestures using the kinematic data extracted from the tools
they use. In [17], the authors study the use of Hidden Markov
Models (HMMs) together with reinforcement learning to
recognize the gestures made by a surgeon that wears a

190471



IEEE Access

J. M. Herrera-Lopez et al.: Laparoscopic Suture Gestures Recognition via Machine Learning

special sensorized glove during hand-assisted laparoscopy,
in order to command certain actions of a surgical robot. The
authors of [18] proposed a Multi-Scale Recurrent Neural
Network (MS-RNN), based around the use of wavelet
scattering operations and LSTMs, to recognize surgical
gestures performed during various surgical procedures. Other
works propose the use of unsupervised learning techniques
to train their models, like in the case of [19], that develops
an unsupervised trajectory segmentation method so that the
segments can be classified as gestures with support vector
machines (SVM) and k-nearest neighbors (KNN) algorithms.
In [20], an unsupervised hierarchical Bayesian model called
PRISM is proposed to identify common gestures across
time series, also introducing a new metric called Temporal
Structure Score (TSS) that evaluates the temporal structure
of the recognized gestures.

The main drawback of the cited articles based on the use
of kinematic data is the lack of a study of significance of
the different kinematic variables used to differentiate the
surgeons’ gestures. Providing such a study would have helped
reduce computational costs and the complexity of the data
acquisition frameworks used by those works.

Table 1 summarizes the techniques used in the works
discussed in this section that deal with the surgical gestures
recognition task, and adds information about the datasets used
in each work, and the performance that each model achieved.
Most performance metrics are measured with the accuracy
of the model, and vary in a range between 76.30% and
90.85%, although they are not directly comparable, as they
were measured using different datasets. Reference [20] does
not report an accuracy metric, but their own defined metric
TSS of 46.88.

Ill. PROBLEM STATEMENT

The main task addressed in this work is the recognition of the
state in which a laparoscopic suturing manoeuvre is found,
based on the kinematic data of the suturing tools, that can later
be used in the automation of certain actions. As most Machine
Learning approaches require for classification tasks, a dataset
is needed. In the case of this work, the “JHU-ISI Gesture and
Skill Assessment Working Set” (JIGSAWS) dataset [21] was
chosen. This set collects data on three laparoscopic surgery
manoeuvres: suturing (the manoeuvre studied in this paper),
needle passing, and knot tying, using two robotic arms with
mechanised needle holders teleoperated by surgeons, from
which the kinematic data was extracted. Although this work
focuses on the suturing manoeuvre, the same methodology
for validating a kinematic features selection developed in this
work can be applied to the other two manoeuvres.

In this dataset, there is data from 8 different surgeons,
named B to I, each of whom performed the manoeuvre
5 times. All the kinematic data from the needle holders
controlled by the surgeons was captured at a frequency
of 30 Hz. In addition, the kinematic samples in the dataset
were labelled as one of 15 surgical gestures, which are the
atomic actions that make up the manoeuvre. In the case of the
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suturing manoeuvre, only 10 of those gestures, from gesture
1 to 6 and from gesture 8 to 11, are taken into account, which
are:

o G1: Reaching for needle with right hand.

o G»: Positioning the tip of the needle.

o G3: Pushing needle through the tissue.

o Gy: Transferring needle from left to right.

o Gs: Moving to center of workspace with needle in grip.
o Gg: Pulling suture with left hand.

o Gg: Orienting needle.

o Gy: Using right hand to help tighten suture.

o G1o- Loosening more suture.

o G11: Dropping suture and moving to end points.

As some of the samples in the JIGSAWS dataset at the
beginning and at the end of some trials are not labelled,
we have added a gesture Gg, No gesture associated, to the
set of gestures, to account for those samples.

Having described the different surgical gestures proposed
by JIGSAWS, [22] proposed a workflow model in which
atomic gestures are composed in a way that they can be
sequentially executed to perform the suturing manoeuvre.
In this work, we chose to represent this model as a state
machine, where the states correspond to these actions or
gestures, and have associated with them the actions that the
surgeon would perform during each gesture. In addition,
they also have associated transitions between gestures, which
model the direction of the workflow, and the order in which
the gestures must be performed to achieve the suture, as well
as the completion conditions of each phase. That way, the
state machine model can be formalized as:

M ={Q,A T}, ey

where Q is the set of states, {Q;}, A is the set of actions {A;},
and T is the set of transitions that, applied to a state, lead to
another state from set Q:

T = {t,' : Qi — QJ} (2)

The model proposed in [22] takes into account atomic
actions that allow for a detailed decomposition of the
manoeuvre in which the authors considered some things
like fault recovery. However, a simpler model has been
chosen in this work, with a more linear structure, which
emphasises the main actions of the manoeuvre. This results
in a state machine model for the suture manoeuvre based
on 6 gestures, one for each of the states, that encompass
JIGSAWS gestures. The simpler state machine can be seen
in Fig. 1. In the figure, the states are represented by boxes
containing a graphic representation of the elements of the
surgical field during each state. The states are labelled as Q;,
and there is a list of the JIGSAWS gestures G; encompassed
in each state. The transitions between states are represented
by one-way arrows, labelled #;, and happen when the surgeon
decides that the current state has been successfully executed.
Also, points Prest,L, Prest,Rs Pins Pout> Ppuil and Preg i are
represented by circles, and they show the points in the surgical
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TABLE 1. Summarized description of the works related to gesture recognition.

Ref.  Authors Year  Technique Dataset Performance

[9] Huynhnguyen and Buy 2021  CNN and LSTM JIGSAWS (Video) Accuracy: 76.30%
[15] Lietal. 2021 DNN with self attention and OHFM M2CAI16-workflow Accuracy: 85.80%
[16] Neumann et al. 2022  Ontology based inference engine Lumbar disc herniation removal dataset ~ Accuracy: 87.23%
[17]  Lépez-Casado et al. 2019  HMM and Reinforcement learning Custom glove dataset Accuracy: 90.85%
[18]  Gurcan and Nguyen 2019  LSTM-based MS-RNN JIGSAWS (Kinematics) Accuracy: 90.20%
[19]  Despinoy et al. 2016  Trajectory segmentation, KNN and SVM Custom kinematic trajectories dataset Accuracy: 81.90%
[20]  Goel and Brunskill 2019  PRISM hierarchical Bayesian model JIGSAWS (Kinematics) TSS: 46.68
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FIGURE 1. State machine model of the suture manoeuvre.

setup where the surgeon must place the needle holders to
perform the manoeuvre. They are not fixed positions for
the tools, as they are dynamically chosen by the surgeon
and in some instances they represent a range of positions.
The intermediate positions are not represented in the figure,
as they are not relevant for the manoeuvre.

Also, in Fig. 1, it can be seen that in the procedure, the
surgeon uses two laparoscopic needle holders, and follows
a series of steps to perform the suture. The first state is a
preliminary state in which both needle holders are prepared to
start de manoeuvre. The next four states form a loop in which
first, the right needle holder is used to perform a stitch, and
the left needle holder is used to stretch the suturing thread and
give the needle back to the right tool so that the surgeon can
perform the next stitch loop iteration. The detailed description
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of the actions taken by the surgeon in each state of the state
machine is as follows:

1) Qy: This is the initial state of the suture, in which the
surgeon holds the needle with the right tool, and in
which both tools are around resting points Py ;. In this
state, it is considered that the surgeon is ready to start
the manoeuvre. Formed by JIGSAWS gestures G| and
Gs.

2) Qq: This is the first state of the state machine loop,
where the objective is to move the needle closer to the
stitch by moving the right needle holder, bringing it to
the position from which it will pass through the tissue,
P;,,. Formed by JIGSAWS gestures G; and Gg.

3) @, : In this state, the associated action consists of
passing the needle through the tissue, so that the needle
enters and exits the tissue through the appropriate
positions and with the correct orientation. In addition,
the left needle holder is brought close to the tip of the
needle protruding through the tissue, in order to pick up
the needle as it comes out through point P,,;. Formed
by JIGSAWS gesture G3.

4) Qs3: The purpose of this state is to stretch the suturing
thread, by moving the needle away from the stitch point
with the left tool, to point Py, to prepare the thread for
a new iteration of the stitch loop. Formed by JIGSAWS
gestures Gg, Gg and G1g.

5) Qg: In this state the needle is transferred from the left
holder to the right holder, preparing it for the next stitch.
Formed by JIGSAWS gesture G4.

6) Qs: This is the last state of the manoeuvre, in which the
suture is dropped so that the manoeuvre can finish, and
both tools return to points Pj.s . Formed by JIGSAWS
gesture G .

Each one of the states that compose the suturing manoeu-
vre are characterised by the values of the kinematic variables
extracted from each needle holder controlled by the surgeon.
In general those combination of kinematic variables are
characteristic enough to be able to differentiate between
the different states of the manoeuvre. However, not all the
variables supply the same amount of information for the state
recognition, thus appearing the necessity of performing a
study of significance of the different variables.

IV. ANALYSIS OF KINEMATIC VARIABLES
This section provides a study of the kinematic variables
that can be extracted from the surgeon’s tools, and that can
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TABLE 2. Summarized description of the kinematic variables that appear
in this section.

Variable  Description

OT;,%Tg  Pose, with the cartesian position and orientation of the
surgical left and right tool tips, respectively.

sz, }TI; Position vector of the left and right surgical tools,
respectively.

oL, PR Orientation vector of the left and right surgical tools,
respectively.

= = . . . .

71, Zg Unitary orientation vectors, extracted from the Z axis
of the pose, of the left and right surgical tools, respec-
tively.

v Linear velocity vector of the left and right surgical
tools, respectively.

VL, VR Modulus of the linear velocity of the left and right
surgical tools, respectively.

ol wh Angular velocity vector of the left and right surgical
tools, respectively.

0L, O Opening angle of the left and right surgical tools,
respectively.

D Distance between the left and right tool tips.

« Angle between the Z axes of the left and right tool tips.

be used to extract information about the surgical gestures
being performed. For clarity, Table 2 introduces the different
kinematic variables considered in this section.

In order to propose a set of variables to be used in the
gesture recognition systems, it is necessary to define the
original kinematic information from which the variables are
extracted. Although in the case of a teleoperated surgical
robotic system the kinematic information of the surgeon
controllers could be used, in this work the kinematic
information is extracted directly from the reference frames
associated to the surgical tool tips. This is because the
kinematic information of the surgeon controllers may not be
always available, and the kinematic information of the tool
tips is independent of the robotic platform used and therefore
it is more reproducible.

For this reason, it was considered that each one of the
surgical tools has a pose 97 associated to it, where {O} is the
base reference system of the surgical setup, and i = {L, R}
(L and R stand for left and right respectively) is the tool.
This transform encompasses both position and orientation
information for a given time instant. This cartesian kinematic
information for each tool is completed by adding its velocity
and, finally, the tool’s opening angle, which represents how
open or closed the needle holder is, thus adding an articular
kinematic variable.

That way, from each needle holder a set of kinematic
variables V; can be extracted, that is:

- — X
Vi={P:, ¢i, Vi, @, 6}, i€ {L,R), A3)

where Fi is the position vector; E is the orientation vector,
in Euler X, Y, Z angles; 7,> is the linear velocity vector; 5),
is the angular velocity vector; and 6; is the opening angle, all
from tool i. All these variables capture, for each tool, its pose,
velocity, and opening angle, that are considered sufficient to
describe the state of the maneuver at a given time. So, the
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complete set of variables V that can be extracted from the
surgical setup is:

V =V UVg. “)

Most of the previous works use this complete set of
kinematic variables V to train their machine le;)arning Eodels.
However, in this work, the position variables Py, and Pg have
not been considered, as they are not relative but absolute
variables, meaning that they depend on the position of
the base reference system used in the surgical setup. This
dependency makes it difficult to train a machine learning
model on a given data set and fails when deployed in
a different surgical configuration. However, the remaining
variables are relative, meaning that they only depend on
the orientation of the base reference system, and not on
its position, which is much more reproducible. In this way,
a reduced set of variables V that excludes the position
variables can be defined as:

V=V — (P, Px}. )

Together with the previous variables, two additional
relative kinematic variables have been considered, as in the
work developed by [23]. These variables are D, the relative
distance between the end effectors of each needle holder, and
o, the angle between the two end effectors, both of them
extractable from V. These variables are introduced, as they
provide a kinematic description of the interaction between
both tools as a distance and an angle. To obtain them, two
different functions are applied, defined as:

- = - =
D = fp (PL. Pr) = IPL — x| (©)
and

- = - =
o =f (ZL, ZR) — arccos (ZL -ZR) , )

where Z and Zg are the unitary orientation vectors of the left
and right needle holders, respectively, extracted from 77 and
OTg.

In this work, it was also considered to add the modulus
of the linear velocity vector of each needle holder end
effector, vy and vg, as they provide information about the
dynamic state of the manoeuvre [23]. The combination of
all kinematic variables from V, defined as (5), with the
interaction variables, defined as (6) and (7), and the velocity
modulus variables, form the set of kinematic variables V' to
be used in the recognition of the surgeon’s gestures, that is:

V' =V UI{D,a,v, vg}. ®)

In this way, the set of kinematic variables V' is composed
of 24 components, between individual variables and vector
coordinates, and they provide a description of the state of the
manoeuvre for each time instant, in terms of the kinematic
variables from set V, the distance and angle between tools,
D and o, and the modulus of the velocities v; and vg.
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Eventually, the complete set of kinematic variables used for
the recognition of the surgeon gestures, V', is:

- S > > —
V' = {ér, $r, VL, VR, OL, WR, OL, Or, D, o, vi, vp}. (9)

This set contains all the kinematic variables to be studied,
to determine which of them are the most useful for
recognition tasks, and what is their relationship with the
surgical gestures defined in section III.

To determine this information, a feature selection analysis
has been performed over the set of kinematic variables V'.
This analysis aims to identify the most informative and
discriminative variables from the relatively high-dimensional
dataset of 24 kinematic components in V’. By reducing the
complexity of algorithms that utilize this data and improving
the performance and interpretability of models, this analysis
provides more insight into the decision-making process of
the models, allowing surgeons and medical professionals
to validate and understand the factors influencing the
recognition of surgical gestures. Also, a reduction of the
dimensionality of the data set can speed up training processes,
reduce data collection time and the computational cost of
gesture recognition systems, and even reduce the number of
physical sensors needed for the surgical setup.

In particular, the ReliefF algorithm [24] is used, based
on a supervised learning process that allows to compute the
importance of each variable of a dataset according to its
ability to discriminate between the classes of that dataset.
This algorithm assigns a higher score to the variables that give
different values to samples of different classes, and a lower
score to the variables that give different values to samples of
the same class. ReliefF has been executed on the JIGSAWS
dataset, from which the set of kinematic variables V' has been
extracted, as it provides the kinematic data from the reference
frames associated to each needle holder controlled by the
surgeon, and the opening angle of the needle holders, which
form the set of variables V, and from which set V' has been
derived through (5) and (8).

Fig. 2 shows a bar chart resulting from running the ReliefF
algorithm on the dataset, from which the variables that
compose set V' were extracted. Each bar represents the score
obtained by a variable according to the ReliefF algorithm,
labelled on the vertical with its symbol, and the variables
are ordered from highest to lowest score. The scale of the
horizontal axis has been normalised so that the maximum
score is 1.

When analysing the figure, it can be seen that ReliefF
assigns a higher score to the needle holder opening angle
variables, 87 and 6g. This can be understood intuitively,
since in almost all proposed gestures one could assign
by hand if each needle holder should be open or closed,
giving the opening angle variables a very discriminative
nature. In general, the next most important variables are the
orientation variables, while those associated with the linear
and angular velocities of the tools are the least discriminative.

In the following sections, a series of Machine Learning
algorithms will be used to classify the kinematic samples
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FIGURE 2. Results of the feature selection study using the ReliefF
algorithm.

from JIGSAWS according to the surgical gestures they belong
to. The training of all the models will be carried out using two
different sets of kinematic variables. The first one will be the
complete set of variables V', and the second one will be a
reduced set, V", which will only take into account the 10 most
significant variables according to the ReliefF algorithm:

- —
V" ={éL. br. 0L, Ok, D, a}. (10)

The 10 most significant variables have been chosen because,
analysing the results of the ReliefF algorithm in Fig. 2, the
sharpest drop in score can be observed between variables
10 and 11 (¢« r and vp). In order to simplify the notation,
the set of variables used for training will be denoted as V,
and it will signify either V' or V”.

To signify each of the kinematic samples obtained from
JIGSAWS that belong to the variables space V, the notation
v (k) is used, representing a sample taken at time k- At, where
At represents the sampling rate. Also, assuming a dataset
where each kinematic sample is labeled to a gesture Q;, Q (k)
represents the label for the sample taken at time k - Az. So,
the complete data set of N kinematic samples and labels from
JIGSAWS that belong to V can be denoted as a set of tuples:

DS ={(V(k),Qk)}, k=1...N. (11)

The training of all models with both V' and V" sets of
variables will allow to validate the results of the feature
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selection analysis, and to determine if the reduction of
the dimensionality of the data set has any impact on the
performance of the models. The ideal result would be that
the models trained with the reduced set of variables would
have a similar performance to the models trained with the
complete set of variables, since this would allow to reduce the
complexity of the algorithms, and to improve the performance
and interpretability of the models.

V. PROPOSED MACHINE LEARNING MODELS FOR
GESTURE RECOGNITION BASED ON HIDDEN MARKOV
MODELS

Three machine learning models have been considered to
classify kinematic samples from a suturing manoeuvre. This
section describes the first two models, based on the use of
HMMs, which are a classical tool in the field of machine
learning based on the modelling of processes using graphs,
and therefore are especially suitable for the analysis of
sequential data. In addition, these models are stochastic,
which means that they incorporate randomness into the
representation of events and transitions between states. Their
main strength lies in their ability to model real processes
that, despite having a more or less predefined sequence, may
present variability, errors, or deviations from the expected
sequence, such as processes performed by humans who may
choose not to follow the expected sequence. The flexibility
of these models allows them to capture complex patterns and
non-linear behaviour in the data.

Since HMMs are based on the representation of processes
using graphs, they can be used as a tool that provides
useful information about the suturing process. Specifically,
one could have a graphical model of the entire suture,
representing the manoeuvre as a graph composed of gestures
as states. One could also have a graph model for each of the
gestures, being these graphs composed of atomic actions.

Hidden Markov Models can be defined as [25]:

A=(S,E,A B, 7), (12)

where S is the set of states, £ is the set of emissions or
observable characteristics, A is the transition matrix, B is
the emission matrix, and s is the initial state distribution.
According to this definition, HMMs have two main param-
eters that can be varied:

e The number of hidden states, which can be varied to
capture more or less complex processes, as a lower
number of states will force the models to be simpler.

o The number of possible emissions, which can be varied
to capture more or less complex patterns in the data,
as discretizing a set of continuous variables into a
low number of qualitative emissions would result in a
simpler interpretation of the original continuous variable
space V.

Both variations of parameters would result in a variation of
the sizes of matrices A and B, respectively.

HMM-based models used in this article work with discrete

emissions, which means that the continuous kinematic
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variables from V must be discretised. For this, although we
could have chosen a more refined algorithm like DBSCAN,
which can be used in problems involving complex elements
like cross-modality [26], the k-Means clustering algorithm
has been chosen, due to its simplicity and ease of use, which
also presents good results in similar problems [27]. In this
way, each kinematic sample V(i) is assigned to a cluster,
and therefore to a discrete emission. The centroids of the
clusters are found by first assigning the number of clusters
to be found, M,, and then applying the k-Means algorithm to
the complete dataset DS:

Cc={Ci,...,Cu,} = kMeans (DS, M,), C;eV. (13)

This way, set C is formed by M, centroids, one for each
cluster, each one belonging to the variables space V. Also,
each centroid can be identified by a natural numeric label.
With this, the set of discrete emissions E can be directly
considered as the numeric labels of the centroids, so it is
defined as £ = {I1, ..., M,}. This way, each element of E,
Ej, represents a discrete emission, and it is associated with a
centroid C;.

To obtain the emission that encodes a given kinematic
sample V (k), the following function is defined:

E(k) Zfencoding (v (k)) , E()eE. (14)

This function finds which of the centroids in C is closest to
the kinematic sample V (k), and assigns it the label of that
centroid as the discrete emission E(k), which is an element
of set E.

The two HMM-based classifiers considered in this work
use algorithms that need as input a sequence of emissions
that encode the kinematic variables of the manoeuvre being
executed that starts some time before the evaluation instant,
and ends right at the evaluation instant. For this reason,
a sequence with a window size of the last N; kinematic
samples is considered:

[Vk =Ns+1),...,V(0)}, (15)

where k is the time instant at which the evaluation is
performed. By applying the encoding function (14) to each of
the kinematic samples in the window, a sequence of emissions
belonging to set E is obtained for the same samples interval:

{E(tk —Ng+1),...,E(k)}. (16)

The HMM-based classifiers need a sequence of at least
N samples to be able to classify a gesture, as they need
information about the state of the manoeuvre in the previous
time instants to work. As a consequence, the first Ny samples
of the manoeuvre will not be classified, because there will not
be enough samples to form a sequence of emissions.

A. HIDDEN MARKOV MODELS FOR EACH GESTURE
The first of the HMM-based classification strategies uses
a procedure similar to [23]. In this process, each Hidden
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Markov Model ); corresponds directly to a certain gesture
Q;. All HMMs are stored in a Gesture Library, set G:

G={\}, i=1...|0|] a7

being |Q| the number of gestures. As this classification
model is based on HMMs, both the number of hidden states,
identified as M, and the number of possible emissions M,
can be varied as parameters that can directly affect the final
performance of the implemented models.

As it is shown in Fig. 3, during the suturing manoeuvre,
kinematic data is captured and encoded as a sequence of
emissions FE (k), and it is fed to the Forward-Backward
algorithm [28], [29], FB (E (i), G). This algorithm is exe-
cuted for each HMM in set G,computing the probability of
observing that sequence of emissions for each of the HMMs.
Finally, the HMM with the highest probability ); is selected,
and the sequence of observable emissions is classified as the
associated gesture Q.

Continuous variables

{V(k—N.+1),...,V(k)}

k-Means Centroids
Encoding {Cit

Discrete emissions

{Blk—N,+1),..., E(k)}

|

Inference

= Forward-
Backward
HMM Library

A = maz(P(G,O0(k)))

;

FIGURE 3. Inference process for the HMM-based gesture recognition
model, with one HMM for each gesture.

Prior to the inference process described above, the gesture
library must be constructed in the form of HMMs. For this,
the same discretisation process of the training sequences is
used, maintaining the same centroids for the k-means clusters
and working with the same set of emissions E, and the
Baum-Welch algorithm [30], [31], BW is executed, which
automatically finds HMMs that model the input emission
sequences:

Aj=BW (E(i)g,ISI) . (18)

where E (i) is the sequence of emissions associated only
with each gesture in set Q, and |S| is the number of states
of the HMM. This process is repeated for the training set of
each of the gestures to be recognised.
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To execute the algorithm described in this subsection,
the models must be trained first with all the considered
configurations. For this, it is assumed that there is a dataset
with sequences of all the kinematic variables considered in set
V with the corresponding labels. To avoid the introduction
of a bias in the dataset partition process, a k-fold cross-
validation scheme will be applied, with k£ = 10. The training
process will be the following:

1) The characteristics of the model are selected: number
of hidden states, number of possible emissions, and set
of kinematic variables, either V'’ or V”.

2) All the variables of the dataset are discretised with the
centroids found by the k-means algorithm, obtaining
sequences of observable emissions, and a downsam-
pling of the dataset to 10 Hz is performed. This
downsampling procedure consists of reducing the
sampling frequency of the dataset from its original
frequency, in case it is higher than 10 Hz.

3) The emissions are separated into sub-sequences, one
for each gesture executed by the surgeon.

4) The sub-sequences of emissions are grouped into sets
according to their labelled gesture, and each set is
divided into 10 folds with the same proportion.

5) The k-fold training of the different models will be
carried out. For each of the 10 folds, a Hidden Markov
Model is trained for each gesture, using the associated
training sub-sequences of emissions, an initialisation of
the model, and the Baum-Welch algorithm, and leaving
out the corresponding fold for testing, while training
with the remaining folds.

6) The process is repeated for all the considered model
configurations and sets of kinematic variables.

Once this process is finished for all the considered
configurations, a set of trained models G = {J;} for each
different configuration will be obtained.

B. HIDDEN MARKOV MODEL FOR THE SUTURING
MANOEUVRE

The second gesture recognition strategy using HMMs is
based on the use of a single HMM, J, that models the
complete suturing manoeuvre. In this classifier, each hidden
state of the HMM, S§;, corresponds directly to one of the
gestures considered in section III, so S; = Q;. Unlike in the
recognizer proposed in subsection V-A, each HMM hidden
state does have a physical meaning directly related to the
manoeuvre, and it has a direct correspondence to each of the
gestures that are to be inferred. Therefore, the Markov model
for the manoeuvre as a whole must have as many hidden states
as gestures to be distinguished, |Q|:

S}, Mg =10, (19)

where M, is the number of hidden states of the HMM.
For the emissions, the same procedure k-Means algorithm
will be carried out to obtain set £ and centroids C from
the dataset. Also, the same sample encoding process will

S={s1,..
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Continuous variables

(V(k =N, +1),..., V(k)}

k-Means Centroids
Encoding {C;}

Discrete emissions

{E(k—N;+1),...,E(k)}

i

Inference

f—
—

Suture HMM

Viterbi

Most probable S(k)

l

Q

FIGURE 4. Inference process for the HMM-based gesture recognition
model, with one HMM for the suturing manoeuvre.

be performed by following (14), obtaining the sequence of
emissions belonging to E for any input sequence of kinematic
samples.

The HMM used in this classification model maintains the
number of possible emissions M, as a variable parameter that
impacts on the final performance of the model, the same as
in the classifier from subsection V-A. However, as each state
of the HMM corresponds to a surgical gesture, the number
of hidden states is fixed to the number of gestures to be
classified. This will also result on the matrices A and B from
the HMM having a fixed size of M, x M, and M, x M,,
respectively.

The operation of the gesture recognizer can be seen
in Fig. 4. As in the case of the recognizer using one
HMM for each gesture, the input to the recognizer is
a sequence of continuous variables belonging to set v,
composed of the last N samples captured by the sensing
platform for each of the kinematic variables, extracted from
the surgeon’s needle holders. Once inside the recognizer,
the first step is the already discussed discretisation of the
continuous kinematic variables into a discrete index, forming
the sequence of discrete observable emissions belonging
to E. Next, and using the HMM of the suturing manoeuvre,
the Viterbi algorithm [32], V, is executed on the sequence
of observable emissions, obtaining as a result the most
probable HMM state for the last element of the sequence
of emissions, S(), that directly relates to the classified
gesture Q.

With this recognizer, the hidden states S; of the HMM
have been considered the same as the gestures of the suturing
manoeuvre, so S; = Q;, and the emissions E correspond to

190478

the encoded kinematic variables. It is also assumed that there
is a set of sequential data labelled by gestures, sample by
sample, as noted in the dataset DS. Applying the encoding
function (14) to the sequence of kinematic variables, and
using the direct correspondence between gestures Q and
hidden states S, the dataset would be transformed as:

D_S = {(fencoding (V (k)) .S (k))}
={(E*)),S*)}, S=0, k=1,....N. (20

From this set, two sequences can be extracted, a sequence
of emissions E(k), formed by elements belonging to set E,
and a sequence of hidden states S(k), formed by elements
belonging to set S, whose length is N and whose elements
are related by the index k. Contrary to what happens to
classifier from section V-A, no iterative training algorithm
would be necessary to compose the HMM of the suturing
manoeuvre, \. Instead, it would simply be necessary to
perform a statistical calculation of the number of transitions
from one state to another, and the emissions associated with
a particular state. This way, each element of the transition
matrix A would be calculated as the following probability:

Amyxm, 2 Aij =P (Sik)ISik + 1)), k=1,...,N, (21)

where A;; is the element of S in row i and column j, and
P (Si(k)ISj(k + 1)) is the probability of transitioning from
state S; at any given time instant k to state S; at the following
time instant k + 1. This is computed for all the N elements of
the dataset DS, and for each of the M, rows and columns of
A. The elements of the emission matrix B would be calculated
as the following probability:

Awm,xm, : Bij = P (Ej(k)|Si(k)) . ,

where Bj; is the element of B in row i and column j, and
P (Ej(k)|S,~(k)) is the probability of observing emission E; at
any given time instant k when the HMM is in state S;, for all
the N elements of the dataset DS and all the M, rows and M,
columns of B.

Once the different configurations of the model have been
defined, the description of the model building process can be
described. This process is not an iterative training process
such as the Baum-Welch algorithm, but simply a statistical
calculation of the transitions between states and the emissions
associated with each state, resulting in matrices A and B of
the HMM. Assuming that there is a labelled dataset with
sequences of all the kinematic variables considered in set V
the training process, with a k-fold cross-validation scheme
with k& = 10, will be carried out:

1) The characteristics of the model are selected: sampling
frequency, number of possible emissions, and set of
kinematic variables, either V' or V"

2) The sequences of continuous kinematic variables are
discretised using the centroids obtained by the k-means
algorithm, obtaining sequences of emissions.

3) A downsampling of the emissions and gestures
sequences is performed, to the selected sampling
frequency.

k=1,...,N, (22)
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4) Both the sequence of emissions and the sequence
of gestures are composed into a single vector each,
regardless of the organisation of the dataset finally
used.

5) The vector is divided into 20 sub-vectors that maintain
the sequentiality, and they are randomly permuted into
a new vector which is then divided into 10 folds.

6) For each fold, the matrices A and B of the HMM
of the suturing manoeuvre are calculated using the
sequences of emissions and gestures, leaving the
corresponding fold for testing, while being computed
with the remaining folds.

7) The process is repeated for all the other configurations
considered.

Once this process is finished, the A and B matrices of
each HMM for the models based on the algorithm described
in this section will be available, each one with a different
configuration.

VI. PROPOSED MACHINE LEARNING MODELS FOR
GESTURE RECOGNITION BASED ON THE MULTILAYER
PERCEPTRON

Section V describes two different classifiers based on the
use of HMMs. In addition to those, a third surgical gestures
classifier has been considered in this section. This classifier
is based on the use of a Multilayer Perceptron (MLP) neural
network, due to its ability to learn non-linear relationships,
which allows it to capture complex patterns in the data.
Although this type of model does not capture the sequentiality
in the data as well as models based on graphs like HMMs,
and it does not allow such a clear interpretation as graph
models, it has a great capacity for generalisation, a great ease
of training and inference, and a great capacity to work with
high dimensional data.

The MLP-based model takes as an input a vector of
kinematic variables, and its output is the surgical gesture
classification for that input. In this model, the input is not
a sequence of kinematic samples from the variables space V
like in the case of the HMM based models, but just a single
sample of kinematic variables V (k) taken at a time instant k.
This is because the MLP is not a sequential model, and it does
not use the temporal context of an input sample to classify
it. Inside the classifier, unlike the previous models, data is
not encoded or discretized, and the kinematic variables are
fed directly to the input layer of the MLP. Then, the data is
propagated through the hidden layers of the MLP with the
Rectified Linear Unit (ReLLU) activation functions, and it is
processed by the output layer. As the output layer implements
a Softmax function, it returns a vector of probabilities of
classification for each of the considered gestures. Finally, the
gesture with the highest probability is selected as the inferred
label Q; for the input. The application of the MLP model can
be formalized as a function fysrp:

Qi =furr (V(K)), QjeQ, V(k)eV. (23)
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With this architecture, the two main parameters chosen to
study their impact on the performance of the model are the
number of hidden layers, My, and the number of neurons
per hidden layer, My . Usually, as either of these parameters
increases, the capacity of the model to capture complex
patterns in the data increases, but the model also becomes
more prone to overfitting. In the case of the number on hidden
layers, that increase is directly translated to its capacity of
classifying non-linearly separable classes, or even classes that
form disjoint sets in the variables space V, when the number
of layers increases from 1 to 2 and 3 respectively.

In order to implement the MLP-based classifier, the
neural network must be trained first, varying its architecture
parameters for each considered configuration. Assuming that
there is a dataset DS, with a sequence of all the kinematic
variables considered in this article, V(k), and a matching
sequence of gesture labels for each of the kinematic samples,
Q(k), the k-fold training process with k = 10 can be
described as follows:

1) The characteristics of the model’s architecture are
selected: architecture and set of kinematic variables,
either variables set V' or V",

2) The model architecture of the MLP is built with the
design parameters previously chosen.

3) A sample matrix V(k) and a label vector Q(k) are built
from the dataset DS. The sample matrix data does not
need to be discretised, since the MLP model is capable
of working with continuous variables.

4) Both the sample matrix and the labels vector are
divided intro 10 folds.

5) For each of the 10 folds, the training process of the
model is carried out leaving the corresponding fold for
testing, while being computed with the remaining folds.
While training, a validation partition is used to monitor
the process and avoid overfitting of the model by means
of an early stop if the process requires it. A random
selection of 30% of the training data is used.

6) Also, for each of the 10 folds, the trained model is
evaluated using the corresponding fold as the test set.

7) The process is repeated for all the other configurations
considered.

This training process results in a series of MLP classifiers,
one for each architecture configuration considered, that can
be used to classify the gestures of the suturing manoeuvre.

VII. IMPLEMENTATION AND TRAINING RESULTS

With the description of the considered classifier models, the
implementation and evaluation of those models can be carried
out on the previously described JIGSAWS dataset, and with
the considered architecture parameters for the models. As it
was mentioned in previous sections, the dataset provides all
the necessary kinematic data for all the recorded suturing
experiments, expressed in the original variables space V, and
a set of labels for each of the kinematic data samples, which
correspond to the gestures executed by the surgeon. As the
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JIGSAWS dataset provides kinematic variables belonging to
the variables space V, all the samples are first converted to
the variables space V', for the complete set of kinematic
variables, and to the space V”, for the reduced set of
variables according to the results of section IV. Then, all
the models are built according to the procedures described
in sections V and VI, taking into account all the different
classifier configurations.

After all models have been built, the evaluation of the
results is carried out using the corresponding partitions of
the dataset, taking into account the k-fold cross-validation
scheme with k = 10, and the performance of the models
is measured in the form of a percentage of frame-by-frame
accuracy averaged across all the folds. This accuracy is
defined as the percentage of correct answers of the models
on the test partition of the corresponding fold.

The building and validation of all configurations with
either variables set V' or V" is specially important as it will
allow to verify the results of the feature selection process,
and to determine the impact of the feature selection on the
performance of the models. That is why an extensive study
of the impact of the rest of the configuration parameters on
the performance of the models was not carried out, as it was
not the main focus of this work.

Also, all of the considered models have been built and
evaluated using MATLAB 2022b with the Deep learning and
the Statistics and Machine Learning Toolboxes, for the MLP
and the HMM models respectively. The computer used was
running Ubuntu 20.04 LTS, with an AMD Ryzen 5 5600X
CPU, 32 GB of RAM, and an NVIDIA GeForce RTX 3070 Ti
GPU, which was used for the training of the MLP models.

1) HIDDEN MARKOV MODEL FOR EACH GESTURE

For the HMM-based recognizer with one HMM for each
gesture, the considered models have been trained according
to the methodology described in section V-A. The different
model configurations considered in this classifier take into
account the following parameters:

o Number of hidden states, My. It has been consid-
ered a number of 5, 10 and 30 hidden states. This
captures a small number of states for a complex process
like a surgical gesture, a medium number of states,
and a sufficiently large number of states to capture the
complexity of the process.

o Number of possible emissions, Me. It has been con-
sidered a number of 30, 60 and 120 possible emissions.
Taking into account the number of continuous variables,
as much as 24, this captures a small number of clusters,
a medium number of clusters, and a sufficiently large
number of clusters to capture the complexity of the
process.

« Space of kinematic variables. It has been considered
the complete set of 24 kinematic variables, V', and the
reduced set of 10 kinematic variables, V”, according to
the criteria described in section IV.
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FIGURE 5. Comparative graph of performance of HMM-based models for
each gesture, in the form of percentage of accuracy on the training set,
for different numbers of hidden states (Ng), different numbers of

emissions (M), and different sets of variables (V' or V'), ordered from
best to worst.

Once all possible configurations of the classifier were built
using the procedure from section V-A and the corresponding
training partitions, its evaluation was carried out using the
test partitions according to the k-fold scheme. For this
evaluation, the performance was measured as the frame-by-
frame accuracy of the models on the test dataset, using the
classifier architecture described in Fig. 3, and performing the
average over all 10 folds. With this architecture, the full test
dataset sequence was processed by applying the classifier
to the sequence with a moving window of length N; of
10 samples.

Fig. 5 shows the results obtained for each of the configura-
tions considered, ordered from best to worst according to their
accuracy, from top to bottom of the figure. On the vertical
axis, the characteristics of the models are labelled, and on the
horizontal axis, the accuracy of the models is labelled.

Fig 5 shows that performance increases with the number
of possible emissions, achieving accuracies of up to 68.20%
for the model with 120 emissions, 5 hidden states, and the
complete set of variables V’. On the lower side of the graph,
the models with the lowest number of possible emissions
have a poorer performance, with accuracies getting as low as
51.46% for the case of the model with 30 possible emissions,
10 hidden states, and the complete set of variables V'.

Although there seems to be a correlation between perfor-
mance of the models and the number of possible emissions,
that is not the case for the other two parameters. For the
best performing models, the performance seems to increase
as the number of hidden states decreases, but that trend
is not maintained for the rest of the models. Also, there
is no consistent boost in performance from the increase or
reduction of the number of variables contained in the reduced
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set V", or the complete set V', although this will be further
analyzed in the next section of this work.

2) HIDDEN MARKOV MODEL FOR THE SUTURING
MANOEUVRE

In the case of the HMM-based recognizer with a single
HMM for the suturing manoeuvre, and a hidden state for
each gesture, the considered configurations have been trained
according to the methodology described in section V-B. For
those configurations, the following parameters have been
considered:

o Number of possible emissions, M.. It has been
considered a number of 500, 2000 and 5000 possible
emissions. This captures a small number of clusters,
a medium number of clusters, and a sufficiently large
number of clusters to capture the complexity of the
process, in the same way as in the previous classifier.
A higher number of possible emissions has been used,
as they showed better performance for this classifier
model.

« Sampling frequency, fs. It has been considered a fre-
quency of 0.5, 1 and 5 Hz. This captures a low sampling
frequency, capturing a sample every 2 seconds, but but
sufficiently high to be used with a high-level robotic task
reasoner, and two higher sampling frequencies.

« Space of kinematic variables. It has been considered
the complete set of 24 kinematic variables, V’, and the
reduced set of 10 kinematic variables, V", according to
the criterion described in section I'V.

By following the procedure described in section V-B,
all the different possible configurations of this classifier
were built using the corresponding training folds, and their
evaluation was carried out using the k-fold cross-validation
scheme. As with the rest of classifiers, the performance of
the models was measured in the form of a percentage of
frame-by-frame accuracy averaged over all 10 folds, using
the inference process described in Fig. 4, which was fed with
windows of N; of 20 samples extracted from the complete test
dataset sequence.

As in the case of the previous classifier, Fig. 6 shows the
results obtained for each of the configurations considered,
ordered from best to worst according to frame-by-frame
accuracy, from top to bottom of the figure. On the vertical axis
of the figure, the characteristics of the models are labelled,
and on the horizontal axis, the accuracy of the models is
shown.

Fig. 6 shows that the performance of the models that use
a HMM to represent the suturing manoeuvre is very low,
starting at 20.66% accuracy for the model with 500 possible
emissions processed at 1 Hz, with the complete set of
variables V', and it only gets up to 27.71% accuracy for the
model with 5000 possible emissions, processed at 1 Hz, and
with the reduced set of variables V”.

The fact that the performance of this classifier is so low
makes it not suitable for the surgical gesture recognizer,
if it were to be used in a real scenario. In spite of the low
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FIGURE 6. Comparative graph of performance of HMM-based models of
the suturing manoeuvre, in the form of percentage of accuracy on the test
set, for different sets of variables (V' or V"), different numbers of
possible emissions (Me), and different sampling frequencies (fs), ordered
from best to worst.

accuracy, there seems to be a trend in the performance, getting
better with the increase of the number of possible emissions,
although this fact could be indicative of an overfitting
problem, and definitive conclusions cannot be drawn from
such a poor performing classifier.

3) MULTILAYER PERCEPTRON

In the case of the last classifier, the MLP, the models con-
sidered have also been trained according to the methodology
described its corresponding section VI, with all possible
network architectures as defined by the following parameters:

o Number of hidden layers, Myt . It has been considered
a number of 1, 2 and 3 hidden layers. This captures
the minimum number of hidden layers, capable of
modelling linearly inseparable problems; a medium
number of hidden layers being capable of modelling
non-linearly inseparable problems; and a sufficiently
large number of hidden layers to capture the complexity
of the process, being capable of modelling problems
with disjoint sets.

o Number of neurons per layer, My. It has been
considered a number of 10, 30, 50 and 100 neurons
per layer. This captures a small number of neurons
per layer, for a problem of the complexity at hand,
a couple of medium numbers of neurons per layer, and a
sufficiently large number of neurons per layer to capture
the complexity of the process.

o Space of kinematic variables. It has been considered
the complete set of 24 kinematic variables, V', and the
reduced set of 10 kinematic variables, V”, according to
the criterion described in section I'V.

Also, when training the models, a series of training

and hyperparameters configurations were considered. The
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FIGURE 7. Comparative graph of performance of Multilayer Perceptron
models, in the form of percentage of accuracy on the test set, for different
network architectures (M;; and My) and different sets of variables (V' or
V"), ordered from best to worst.

number of training epochs was be limited to 2000, so at
most, the training process would perform 2000 complete
cycles through the training dataset. Also, to avoid overfitting,
a validation data partition was used to perform an early stop
of the training process if the validation error did not decrease
in 6 consecutive epochs. In addition, the Scaled Conjugate
Gradient algorithm was used to optimise the weights of the
network. Other hyperparameters, such as the learning rate,
were set to their default values, as they have been found to
work well in most cases.

By following the training process from section VI over
the dataset partitioned with the k-fold scheme, the set of all
possible MLP possible trained models is obtained. Then, all
the model configurations were evaluated, using the frame-by-
frame accuracy as the performance measure, averaged over
all 10 folds. In the case of this classifier, there is no need to
use a moving window to process the test dataset, as the model
is not sequential, so the test dataset was processed frame by
frame.

As well as with the HMM-based classifiers, the results
obtained for the MLP-based classifiers are shown in a
comparative graph, in this case in Fig. 7, ordered from best to
worst according to their accuracy, from top to bottom of the
figure. On the vertical axis of the figure, the architecture of the
network is labelled, and on the horizontal axis, the accuracy
of the models is shown.

In Fig. 7 it can be seen that the performance of the MLP
models is generally higher than that of the HMM-based
models. The lowest accuracy percentage obtained is 64.76%,
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which corresponds to a model with a network architecture
of 10 neurons and 3 hidden layers, and the reduced set of
variables V", while the highest is 90.39%, which corresponds
to a model with a network architecture of 100 neurons and
2 hidden layers, and the complete set of variables V. Looking
at the rest of the models, a correlation between the complexity
of the network architecture and the performance of the model
can be deduced.

In addition, certain characteristics about the separability
of the data can be inferred from the results obtained.
In particular, from the existence of classifiers with a good
performance with only two layers, it can be inferred that the
classes are distributed in the space of variables by means of
sets, at most, non-linear. If the classifiers with two hidden
layers were not enough, it could be inferred that the classes
form disjoint sets, but that is not the case for the dataset and
variables space used.

Having verified the building process of the three classifiers,
the next section will be dedicated to the study of the impact
of the number of kinematic variables in the performance of
the classifiers, so that the feature selection process can be
validated.

VIil. DISCUSSION

In the previous section, the results of evaluating the three
implemented classifier models for all their possible configu-
rations have been studied, using the frame-by-frame accuracy
as the performance measure, averaged over all 10 folds
of the k-fold cross-validation. In this section, an analysis
of the impact of the number of kinematic variables in the
performance of each one of the classifiers is presented, so that
the feature selection process described in section IV can be
validated.

1) HIDDEN MARKOV MODEL FOR EACH GESTURE
The numerical results of the evaluation process for the
classifier using a HMM for each gesture are shown in
Table 3, in the form of the frame-by-frame accuracy. The
first two columns capture the model architecture, as the
number of hidden states M, and the number of possible
emissions M,. The next two columns show the accuracy of
the model for the described architecture using the complete
set of 24 kinematic variables, Accy, and the reduced set of
10 kinematic variables, Accy~. The last column shows the
difference between the accuracy obtained with the complete
set of variables and the accuracy obtained with the reduced
set of variables for the same architecture, Accy» — Accyr.
Analysing the results presented in Table 3, it can be
observed that the use of a reduced set of variables does not
significantly affect performance. In some cases the use of a
reduced data set increases performance, while in other cases
it decreases it, but in no case is there a deviation of more than
3.2%. Also, in the case of the models with the lowest number
of possible emissions, there is an increase in performance,
although not very pronounced, while in the rest there is not an
significant change. This result seems to indicate that, in fact,
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TABLE 3. Comparative table of performance of HMM-based models for
each gesture, in the form of percentage of accuracy on the training set,
for different numbers of hidden states (M), different numbers of
emissions (M), and different sets of variables.

M, M, ACCVI Accvu Accvn — AccV/
30 30 52.01% 54.81% 2.80%
30 60 62.79%  62.39% -0.40%
30 120 6747%  66.98% -0.49%
10 30 51.46%  54.62% 3.16%
10 60 62.96% 62.97% 0.01%
10 120  68.20% 67.13% -1.07%
5 30 51.88% 54.75% 2.87%
5 60 62.10% 61.94% -0.16%
5 120  68.20% 67.13% -1.07%

One HMM per gesture, experiment E1
6 b - - -

Ground truth
Classifier output
5t — — -
il B R I
e
2
6
&) 3p =r—=— | — = -
2 - L u L -
1 - - L L L L 1
0 20 40 60 80 100 120

Time (s)

FIGURE 8. Labelling of the experiment E1 of the JIGSAWS dataset with
the model based on HMM for each gesture, with mobile mode filter.

the variables that have been removed from the reduced set
of variables to form the space V” are not very relevant to
the recognition of surgical gestures, validating the feature
selection algorithm used.

As proof of the model’s classification capability, Fig. 8
shows the results of classifying one of the experiments in the
JIGSAWS dataset, specifically the first iteration performed
by surgeon E, one of the models based on HMM for each
gesture. In green, the label extracted directly from the dataset
is represented, being the “ground truth”, while the red dots
represent the gesture labels inferred by the classifier system.
This figure shows the performance of the model over a real
trial, which is consistent with the measured results in Table 3.

2) HIDDEN MARKOV MODEL FOR THE SUTURING
MANOEUVRE

As in the case of the previous classifier, Table 4 shows
the numerical results obtained for the classifier based on
an HMM for the suturing manoeuvre, in the form of the
frame-by-frame accuracy. The first two columns capture the
model configuration, as the number of possible emissions M,
and the sampling frequency f;. The next two columns show
the accuracy of the model for the described configuration
using the complete set of 24 kinematic variables, Accy’, and
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TABLE 4. Comparative table of performance of HMM-based models of
the suturing manoeuvre, in the form of frame-by-frame accuracy on the
test set, for different number of possible emissions (Me), sampling
frequencies fs and sets of variables.

M, fs ACCVI Accvu Accvu — AccV/
5000 O0.5Hz 2644% 27.58% 1.14%
5000 1Hz 24.00%  27.71% 3.71%
5000 5 Hz 23.80%  25.19% 1.39%
2000 0.5Hz 22.51% 23.29% 0.78%
2000 1 Hz 24.10%  25.47% 1.37%
2000 5 Hz 23.18%  23.31% 0.13%
500 0.5Hz 23.06% 24.57% 1.51%
500 1Hz 20.66%  22.81% 2.15%
500 5 Hz 21.16%  21.32% 0.16%

the reduced set of 10 kinematic variables, Accy~. The last
column shows the difference between the accuracy obtained
with the complete set of variables and the accuracy obtained
with the reduced set of variables for the same configuration,
Accyr — Accyr.

From the results presented in the table it can be observed
that the use of a reduced set of variables does not significantly
affect performance. In all the cases tested in this work, the
use of a reduced set of variables increases the accuracy of
the model, although not in a significant way. The greatest
increase in performance is observed in the case of the
sampling frequency of 1 Hz, with 5000 possible emissions,
with an increase of 3.71%. However, most of the remaining
models present boosts in performance of 1.5% or lower.

Independently to that, none of the models presents a
significant change in performance when using the reduced
set of variables V", being in all cases less than 3.71%, which
seems to validate the feature selection algorithm used. In spite
of that, definitive conclusions cannot be extracted just from
these results, because of the overall very low accuracy of the
models.

As with the previous classifier, Fig. 9 shows the results of
using one of the classifiers based on a HMM for the suturing
manoeuvre on one of the experiments in the JIGSAWS
dataset, the first iteration performed by surgeon E, the same
that was used for the previous classifier. In green, the label
extracted directly from the dataset is represented, being the
“ground truth”, while the magenta dots represent the gesture
labels inferred by the classifier system. In this figure, it can
bee seen that this classifier is not suitable for the gestures
recognition task.

3) MULTILAYER PERCEPTRON

For the last classifier model, Table 5 shows, for each config-
uration considered, the frame-by-frame accuracy depending
on the number of hidden layers, the number of neurons per
layer, and the set of variables used. The first two columns
capture the model architecture, as the number of hidden
layers My and the number of neurons per layer My . The
next three columns show the accuracy of the model for the
described architecture using the complete set of 24 kinematic
variables, Accy, the reduced set of 10 kinematic variables,
Accyr, and the difference between the accuracy obtained
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FIGURE 9. Labelling of the experiment E1 of the JIGSAWS dataset with
the model based on HMM for the suturing manoeuvre, with mobile mode
filter.

TABLE 5. Comparative table of performance of Multilayer Perceptron
models, in the form of frame by frame accuracy on the test set, for
different architectures and different sets of variables.

MHL MN ACCVI ACCVII Accvu — AccV/
3 100 84.96%  84.93% -0.03%
2 100 90.39%  89.98% -0.41%
1 100 79.20%  80.03% 0.83%
3 50 85.17%  81.66% -3.51%
2 50 80.36%  85.54% 5.18%
1 50 7823%  76.99% -1.23%
3 30 82.84%  82.80% -0.04%
2 30 84.59%  79.48% -5.11%
1 30 75.03%  73.58% -1.44%
3 10 70.60%  64.76% -5.84%
2 10 6938%  69.03% -0.35%
1 10 72778%  67.74% -5.04%

with the complete set of variables and the accuracy obtained
with the reduced set of variables for the same architecture,
Accyr — Accyr.

As in the previous cases, the table shows that the use
of a reduced set of variables does not significantly affect
performance. In most configurations, the reduction of the
number of variables decreases performance, but in no case
it exceeds a reduction of 5.84%. This result, together with
the results obtained in the previous classifiers, confirms that
the feature selection algorithm has adequately ordered the
set of kinematic variables according to their significance
in discriminating the different gestures considered by the
classifiers.

As in the case of the models based on HMMs, Fig. 10
is presented, which shows the labelling of one of the
experiments in the JIGSAWS dataset, specifically the first
iteration performed by surgeon E, as in Fig. 9, when an MLP
classifier is used. In green, the label extracted directly from
the dataset is represented, being the “‘ground truth”, while
the black dots represent the gesture labels inferred by the
Multilayer Perceptron classifier system.
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FIGURE 10. Labelling of the experiment E1 of the JIGSAWS dataset with
the multilayer perceptron model, with mobile mode filter.

In this section, it was shown that the feature selection
process was validated by the results obtained in the three
classifiers. In all cases, the use of a reduced set of variables
did not significantly affect performance, and in some cases,
iteven increased it. This result indicates that the variables that
have been selected to form the space V" are the most relevant
to the recognition of surgical gestures.

IX. CONCLUSION

This paper examined kinematic variables that can be
extracted from surgical instruments during a suturing
manoeuvre, using the JIGSAWS dataset. A feature selection
algorithm was used to determine the most important variables
in gesture recognition, which were found to be the needle
holders aperture angles, the angle between surgical tools, the
orientation of the tools, the distance between tool tips, and the
module of their linear velocities, unlike other variables like
the components of the linear and angular velocities. Using
the extracted variables, three classifiers were implemented
and tested, two of them based on HMMs, and other based on
MLP, using different architectures and both the complete and
reduced sets of kinematic variables V’ and V”. The results
of evaluating all the configurations of the models validated
the feature selection algorithm, as the use of a reduced set
of variables did not significantly affect performance, and in
some cases, even increased it. The methodology used can be
reproduced for any other manoeuvre, and the results allow
for the reduction of the number of variables to be used in
the recognition of surgical gestures, which can be useful
in the design of a suture assistance system, as they reduce
the computational cost of the system, its complexity, the
time required to capture kinematic samples and to train the
classifiers, and even the number of physical sensors.
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