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Abstract— The main objective of this paper is to minimize the
occluded areas in order to recognize the navigation of the
surgeon’s tools for a two-arm autonomous robotic system for
laparoscopic procedures. This robotic assistant needs the
tracking of the surgeon’s surgical gestures in order to recognize
the current maneuver and to execute the automated tasks of the
robot. The surgical tools pose estimation is carried out by a
Multiple Extended Kalman Filter (MEKF), where the
movement models of the surgical tools depend on the maneuver
which is being developed. This information is obtained by a
maneuvers recognition system which is a part of the multimodal
human machine interface (HMI) of the robot. The method
proposed for reducing shadows has been applied to three in-
vitro maneuvers which appear in the majority of the surgical
protocols. The experiments show the behavior of this method
for different time intervals of the occlusions.

I. INTRODUCTION

NE ambitious challenge of robotic surgical engineering

is to substitute the human assistant on laparoscopic
surgery [1]; in this way, the human errors derived from this
type of techniques can be reduced and the development of
the surgical protocols is improved. Therefore, there are
robotic assistants that are able to focus the camera on the
area required and others have arms which move additional
surgical tools to collaborate with the surgeon ([2]-[3]). Thus,
the robotic systems assure more accuracy than human
assistants ([4]-[5]) but using them imply the need of a
friendly channel of communication with the surgeon.

New interfaces make this communication as comfortable
as possible and reduce the current limitations in the
communication with surgical robots. In this way, some
systems used joystick devices [6], others made automatic
movements to follow the surgeon tool with the endoscope
[7], they receive the surgeon orders through a gyroscope
attached to the surgeon head [8], or are guided with the voice
[9]-[10]. There are also works where an artificial vision
system is proposed in order to interpret head movements on
the surgeon as orders for the robotic assistant [11]. There are
orders which are shown by the movements of surgeon's eyes
[12] or the gestures of the surgeon's face [11]. Most
interfaces developed for surgical robots overload the surgeon
with multiple commands and strange devices which make the
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communication difficult and in consequence, the intervention
time can be lengthened [13].

Although accuracy is improved, the use of robots adds
new and unnatural tasks to the surgeon. A way for solving
this situation is by means of using a HMI that assures an
efficient and a more natural way of communication [14] and
allows to create a more secure and robust system. One of the
goals on robotic surgery is the design of a robotic system
with an improved capability of reaction and a higher level of
intelligence [15]. In this way, a robot assistant would follow
the orders of the surgeon and understands the surgical
gestures, so the next surgeon's commands can be anticipated.
However, some drawbacks appear when trying to recognize
the surgeon’s gestures: the complexity to attach sensors over
the standard surgical tools; the use of 3D markers to the
surgeon’s tools makes the maneuvers more difficult for the
surgeon; and the natural movement during the surgical tasks
may locate the tools on occluded areas for the tracking
system measurements.

For this reason, the aim of this work is to develop a data
acquisition system which minimizes the occluded areas and
estimates the location of the surgeon's tools. These
estimations allow the continuous knowledge of the surgeon’s
maneuvers in order to interpret the commands which control
the auto-guided navigation of the robot assistant [16].
Therefore, this paper proposes the pose estimation model of
the surgeon’s tools for different surgical maneuvers, which is
an improvement of the multimodal HMI developed for the
CISOBOT system at the University of Malaga [16]-[17].
Besides, a double tracking sensor system has been
considered to minimize the occluded measures [18]-[19].
Although this configuration improves the visible area for the
3D tracking measurements, even this system may have
occluded areas. Thus it has been decided to implement a
Multiple Extended Kalman Filter (MEKF) to estimate
different surgeon’s movements.

After this introduction, section II starts with the
description of the robot architecture and its multimodal HMI
to understand the problem of occluded areas. Each
component of the multimodal HMI is explained in section
III, including the pose estimation model. The experimental
setup and the results are exposed in section 1V. Finally, the
conclusions and future works are presented in section V.



II. ROBOT ARCHITECTURE AND HMI DESCRIPTION

The CISOBOT robotic assistant (see Fig. 1) consists of
two arms: one is responsible for guiding the laparoscopic
camera (1); the other one moves an additional surgical tool
(2) inside the patient's body (7). The auxiliary instrument
aids the surgeon in certain maneuvers of the surgical
intervention. The system acts under the surgeon's decisions
that are communicated to the robot through gestures of the
surgical tools (5) acquired with the 3D tracking system (3),
and the voice commands (4) interpreted by a voice
recognizer (4). The images inside the abdomen appear in the
screen (6).

The 3D tracker system measures the markers attached to
the surgeon’s tools. The problem of these markers is that
they are only visible when they are facing the 3D tracker
sensor; otherwise there are no measures of the surgeon’s
tools locations and it is said that the tool is in an occluded
area. The auto-guided movement of the CISOBOT robot
assistant requires the knowledge of those locations [16];
therefore, this work will focus on the development of a
methodology to approach the location of the surgeon’s tools
when the 3D tracker measurements are lost in the short time.

For this purpose, the general CISOBOT robot architecture
proposed to solve this problem is shown in Fig. 2 in order to
explain the different elements which compose the whole
system and their relations with the HMI. The main module of
this interface is the Surgeon Model module which models the
surgeon's behavior and recognizes the current Maneuver by
means of a Hidden Markov Model (HMM) of each of the
considered maneuvers [17]. The surgeon model acquires the
information of the surgeon's tools positions and orientations
by using a Tracking 3D system with two sensors, as well as
the Interpreted Voice Maneuvers which are sent by the Voice
Recognition module. When the position and the orientation
of the surgical tools are not acquired by the tracking 3D, the
Pose Estimation Model module computes these data by
modeling the movements of the surgeon’s tool according to
the maneuver facilitated by the surgeon model module. Once
the current maneuver is identified, the Robotic Assistant
receives this information as well as the surgeon’s tools
location and, depending on the surgeon’s chosen maneuver,
the robot performs the corresponding automated movement.

The proper communication with the robot must be
continuous since it is necessary to avoid movement collisions
between the surgeon’s tools and the robot’s tools, and to
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Fig. 2. Architecture of the HMI integrated into a two-arm robot assistant.

make automatic movements which are secure inside the
patient. During the development of the surgical protocol the
measure of the surgeon’s tools location may be not read at
certain time intervals. Thus the new commands of the
surgeon cannot be interpreted, the specific automatic
navigation at that moment would be wrong and the process
should be aborted. In order to reduce this effect, the data
acquisition is recorded with the use of two tracking sensors,
whose configuration in the operation room pretends to
minimize the occluded areas. In addition to this acquisition
system, the pose estimation model exposed in Fig. 2
estimates the missed movements according to the maneuvers
which are being carried out.

The whole system has been described in order to
understand the goal of this work. Next section is focused on
the development of the pose estimation model and its
interrelation with the surgeon model module.

III. POSE ESTIMATION MODEL

This section describes how the position and orientation of
the surgeon’s tools are acquired through the tracking 3D
module. Firstly, the surgeon model is explained in order to
know how this element recognizes the current maneuver. As
the surgeon model requires the location of the surgeon’s
tools at all times, secondly this section presents a double 3D
tracking sensor system to avoid the occlusions as much as
possible. However, even with two trackers there may appear
occluded areas; therefore, a pose estimation model with the
use of Multiple Extended Kalman Filters has been developed
to estimate the location of the surgeon’s tools during the
occlusion.
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Fig. 3. Descrlptlon of the Surgeon Model module.

A. Surgeon Model Module

The surgeon model module is composed of the
intervention model, the maneuvers library, the recognition
system, the data preprocessing and data coding modules
(see Fig. 3). The standard operation of the surgeon model is
described as follows: during a surgical intervention, the data
preprocessing module filters and fuses the acquired signals
of the tools position/orientation as well as the type of tool
and data coding module codes this information. Afterwards
the recognition system identifies the current maneuver using
both the intervention model and the maneuvers library [17].
The surgeon model system communicates the current
maneuver of the surgical protocol to the robot in order to
plan future actions. More specifically, the main elements of
the surgeon model are detailed as follows:

1) Intervention Model: The intervention model has been
created from the study of the surgical protocols and its
workflow, which is divided into maneuvers connected in a
systematic and organized way [10],[20]. In this way, each
maneuver has an ending condition which indicates the
beginning of the next one, for example, a special movement
or a change of the surgical tool.

2) Maneuvers Library: The maneuvers library has to
contain the different maneuvers which appear in the majority
of protocols of a surgical intervention [10],[20]-[22]. Each
maneuver can be divided as a sequence of elemental
movements called basic actions. The mathematical models
chosen to represent the relation between these basic actions
are Hidden Markov Models (HMM) because they provide
high flexibility for modeling the surgeon’s behavior from the
real data of the surgical tasks and give the recognition
function [17]. Thus, each maneuver is represented by HMM
which model the surgeon’s behavior during this task.

3) Data Preprocessing and Coding Modules: These
modules are required for both, reducing the noise levels and
extracting the kinematics features of the surgical tools
movements. After that, the velocities, angles and distance

between both surgical tools tips are coded for expressing
these parameters in an understandable language for
mathematical method of HMM and both the training process
and the recognition system of the maneuvers models.

4) Recognition System: This module uses the Viterbi
algorithm to compare the coded movements sequence with
all the maneuver models available in the maneuvers library.
With this information and the last maneuver obtained from
the intervention model, the algorithm finds the probable
maneuver developed by the surgeon [17].

B. Tracking 3D

The data acquisition system has two optical sensors for
tracking the markers attached to the surgical tools (Fig. 4a).
Tracker labeled as {1} is the main sensor for recovering the
surgeon’s tools measures. The secondary sensor {2} is used
for supplying data when the main sensor {1} cannot receive
a valid measure of the surgeon’s tools.
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Fig. 4. Two 3D tracker sensors for the Data Acquisition system.



Both sensors are located in a way that can minimize the
occluded areas when the surgeon moves the tools during the
surgical tasks because of the increased visible area (see Fig.
4b). However, although this sensors system can reduce some
occlusions in the measurements, this assumption cannot be
guaranteed at all times. Therefore, it is necessary to make a
pose estimator which indicates where the tool is located.

C. Pose Estimation Model

The development of a pose estimation model is necessary
to minimize the occluded areas during the surgical
maneuvers. In order to create the movement models of the
surgeon’s tools, the modeling of the maneuvers with a HMM
already described in subsection III.A allows extracting the
different trajectories and velocities of the surgical tools tips.

Fig. 5 presents the proposed solution to estimate the
location of the surgical tools. The pose estimation model
receives the current maneuver identified from the surgeon
model, whereas the position and the orientation of each tool
are acquired by the Tracking 3D system. The current
maneuver consists of a series of Characteristic Movements
for each of the surgical tools. Each of these characteristic
movements can be represented by functions denoted as

Estimation Functions. The Position ¥ and Orientation 6
Estimated of each surgical tool can be modeled by means of
the estimation functions £ and /™ (2).
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Both expressions (2), that may be non-linear, depends on:

the last position 7, or orientation @, measured by the 3D
tracker sensors; different median parameters P, depending
on the function f, the current time ¢ and the actual
characteristic movement ey, where N denotes the number of
characteristic movements recorded on the library.

The number of characteristic movements N may differ
from the quantity of estimation functions #* and . For
example, the insertion and extraction are different
characteristic movements that may share the same function
of a linear movement. According to the maneuver developed,
the functions on (2) allow the estimation of the future
locations of the surgeon’s tools by means of an Extended
Kalman Filter (EKF) [23]. The set of all these EKFs is
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Fig. 5. Pose Estimation Model with all possible movements of each
surgeon’s tool.

ith double 3D tracking system.

denoted as the Multiple Extended Kalman Filter (MEKF)
algorithm. Therefore, a maneuver consists of a sequence of
basic actions which are expressed as a sequence of
characteristic movements’ trajectory.

IV. IMPLEMENTATION AND EXPERIMENTS

This section describes the experiments considered to
validate the proposed methodology for estimating the
surgical tools location. The implementation appears in Fig. 6
and shows the CISOBOT with two 3D tracking sensors
which are devoted to measure the surgeon’s tools locations
thanks to the markers attached to them. The system is
controlled by the HMI architecture explained in section II.
The recognition system has been trained according to the
movements developed by a specific surgeon. Different
surgeons should make the same maneuver with different
trajectories. Therefore, the recognition system must be
trained for each surgeon independently.

Firstly, the experimental setup is introduced to explain the
different maneuvers which illustrate the behavior of the pose
estimation model already shown in section III.C. Secondly,
some experimental results are presented to validate the
characteristic movements considered for each surgical tool.

A. Experimental Setup

The pose estimation model proposed in this robotic system
is tested for three surgical maneuvers: suture, transporting
and cutting. These three maneuvers have been divided into
characteristic movements in order to extract their
corresponding equations according to expression (2). The
movement model depends on the basic action which is being
developed when the occluded area is generated. Thus, Table
I shows the different functions which represent the related
characteristic movement that may appear on the selected
maneuvers and are used for estimating the surgeon’s tools
locations with MEFK. All maneuvers have an insertion at the
beginning and an extraction of the surgical tools when the
maneuver finishes. The middle part is different for each
maneuver because the interrelation between two surgical
tools is different. In this way, the characteristic function f; on
Table I corresponds to a movement which follows the
direction of the median on the velocity v, related to the last



pose seen by the tracker 7, . When the surgical tool is still,
like
expressed in function f5. Finally, the stitching movement of
the surgical tools is modeled by the function f; of sine type
with the amplitude A4; (computed at the last

maximum/minimum of the measures) and frequency o,
(elapsed time since the position had the same value).

the location is supposed to remain at the last pose 7,

TABLE
ESTIMATION FUNCTIONS
Function Equation
Si =Ty +V, At
S, Po=7,
VE Fo =7, + A, sin( @,At)

Fig. 7 shows an example of the X component of the three
maneuvers considered before for the movement of the
surgeon’s right hand tool. The different characteristic
movements on each maneuver are labeled in a bar downside
the graph as e,,. Fig. 7 also presents the occluded areas where
the pose estimation model is going to compute the surgeon’s
tools location on next section.

In this way, Table II allocates the proper function
behavior to the tool handled according to the current
maneuver and the characteristic movement model. The
separation of each characteristic movement is detected by the
surgeon model explained in section III.A.

TABLE I

MANEUVERS MODELED BY ESTIMATION FUNCTIONS
Maneuver Characteristic Left Right
Movements Hand Hand

e Ji Ji

Suture ey fz f3

es Ji Ji

e Ji Ji

Transporting e fi fi

es fi Ji

e Ji Ji

Cutting es S Ji

es Ji Ji

B. Experimental results

Once the maneuvers and the characteristic movements
considered for this experiment have been defined, the pose
estimation model is tested in the occluded areas marked in
Fig. 7. As the movements of the right hand for the
transporting and cutting maneuvers are modeled with the
same characteristic movement, this section will just focus on
the transporting as well as the suture maneuvers.

The choice of the estimation function for the MEKF
depends on the maneuver recognized by the surgeon model
when the surgeon’s tools were measured for the last time. In
this way, Fig. 8a and Fig. 8d show the predicted locations for
the surgeon’s right tool when the maneuver is correctly
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Fig. 7. Evolution of X component (mm) in three different maneuvers:
a) Suture, b) Transporting and c) Cutting.

identified whereas Fig. 8b and Fig. 8c represent the
estimation with bad maneuver recognition. In both
experiments, two occluded areas of duration 4¢; (2 seconds)
and 4¢, (1 second) have been considered in order to show the
increment on the location error with time.

When the surgeon is carrying out a transporting maneuver
and the surgeon model is correctly detected, Fig. 8a shows
that the estimated location given by MEKF follows a line
like expressed by the estimation function f; according to
Table II. On the other hand, Fig. 8b represents a failure
prediction of the same transporting maneuver. It can be
noticed that the location error at the end of both intervals A¢,
and A¢t, is lower when the maneuver is correctly detected.

Related to the suture maneuver, Fig. 8c shows the
estimation of the MEKF when the maneuver has not been
correctly identified. Thus, the estimation function is a line
that diverges to the real location of the surgeon’s tool, even
with short intervals of the occluded area. On the other hand,
if the maneuver is correctly determined Fig. 8d represents
the estimated trajectory through the estimation function f;
previously explained in Table I and the error is not as high as
with the other estimation.

V. CONCLUSIONS AND FUTURE WORKS

This paper has shown a methodology for estimating the
location of the surgeon’s tools when they cannot be
measured by a 3D tracker system. The pose estimation model
through MEKF algorithm has been tested on in-vitro
experiments and the results can conclude that this work is
valid to give an approximation on the surgeon’s tools
location when they are in an occluded area during a short
time. However, this assumption can be guaranteed only if the
maneuver is correctly detected. During the development of a
maneuver, the probability of a successful detection is higher
when the surgical task is finishing. Thus, the reliability of
this work depends on two factors: time duration of occluded
areas and the correct identification of a maneuver.
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and wrong identified maneuver.

These limitations cannot be blamed on the MEKF
methodology because the maneuver identification is based
on a non-stochastic model like the HMM. As future works
some improvements can be made on the precision of the
selected estimation functions which model the characteristic
movements. Another interesting field consists on adding a
learning system so the MEKF may change its set of
characteristic movements depending on the surgeon who is
developing the maneuvers. This way, the pose estimation
model could be used for a general purpose robot in order to

improve the accuracy on the surgeon’s tools locations.
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