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Smart Cable-Driven Camera Robotic Assistant

I.Rivas-Blanco, C. Lopez-Casado, C. J. Pérez-del-Pulgar, F. Garcia-Vacas, J.C. Fraile and V.F.
Mufioz, Member, IEEE

Abstract— This paper describes the mechanical design and the
cognition system of a novel concept of camera robotic assistant
that combines the advantages of intra-abdominal devices and
autonomous camera navigation. The robotic assistant is composed
of a magnetic intra-abdominal camera robot with two internal
cable-driven degrees of freedom and an external robot that
handles an external magnet. The intelligence of the robot is
implemented in a cognitive architecture based on a long-term
memory that stores the robot’s knowledge and in learning
capabilities to improve the robot’s behavior. The navigation
strategy combines a reactive control based on instrument tracking
and a proactive control based on predefined behaviors, depending
on the actual state of the task. The robot’s learning capabilities
include a semantic learning capability, to adapt the camera’s
behavior to the surgeon’s preferences, and a reinforcement
learning, to improve the camera navigation strategy. The paper
details both the hardware implementation of the system and the
software implementation in a Robotic Operating System (ROS)
architecture. The cognition system and the performance of the
cable-driven mechanism have been validated with a set of in vitro
experiments. Moreover, the camera robot has been evaluated
through an in vivo experiment in a pig.

Index Terms—Mechatronics, medical
robotics, robot control, robot motion.

robotics, cognitive

I. INTRODUCTION

MINIMALLY invasive surgery is widely accepted globally

and provides numerous benefits for patients.
Nevertheless, minimally invasive surgery remains a more
challenging procedure for surgeons than open surgery, as it
limits the number of interventions that can be performed. One
of the main limitations when performing minimally invasive
surgery is the need to use an endoscope to have visual feedback
of the operating field. First, motion of the endoscope is
restricted by the access port, which only provides four degrees
of freedom (DoFs): two rotations around the entry point, a
rotation around the instrument longitudinal axis, and a
translation along this axis. This fact unavoidably limits both the
field of view, as there are many blind areas that are unreachable
for the camera, and the perspective of the operating area, i.e.,
the angle from which an object or organ is viewed. Second,
conventional laparoscopy requires an assistant devoted to

This work was supported by the Spanish national projects under action
DPI2010-21126-C03-01 and DP12013-47196-C3-1R.

I. Rivas-Blanco, C. Lopez-Casado, C.J. Pérez-del-Pulgar, and V.F. mufioz
are with the System Engineering and Automation Department, University of
Malaga, Andalucia Tech, Malaga 29071, Spain (e-mail: irivas@uma.es;
mclopezc@uma.es; carlosperez@uma.es; vimm@uma.es).

handling the endoscope. Fatigue and stress, especially in long
interventions, may affect the quality and stability of the image.
Moreover, it has been demonstrated that an efficient gaze
strategy improves laparoscopic performance [1], so cooperation
between surgeon and assistant is fundamental.

One solution to augment the field of view during
laparoscopic procedures is the use of flexible endoscopes.
These devices provide additional DoFs but are complex to use;
lack of rigidity affects image stability, and they have fixed
visual horizons that force the surgeon to adjust for tilted or
inverted views [2]. Another approach is the use of intra-
abdominal devices. These devices are introduced into the
abdominal cavity through one of the incisions surgeons make
to insert the surgical tools or through natural orifices,
commonly the esophagus. Different forms of attachment to the
abdominal wall have been explored, such as suturing [3] or
needle locking [4], but magnetic interaction is the only one that
allows continuous motion of the devices [5]. In this last
approach, the base of the devices is provided with permanent
magnets. By means of an external magnetic handle, the camera
can be displaced along the abdominal wall, making it possible
to reach areas unattainable by traditional endoscopes [6].
Moreover, this solution releases an entry port, which may be
avoided or used for an additional tool if required. The feasibility
of magnetic devices has been validated in human clinical
experiences [7] and it has been demonstrated that this approach
provides a wider field of view with respect to a fixed device [8].
Some authors have designed devices with two DoFs (pan and
tilt) activated by internal motors [9][10][11]. Although these
solutions augment the field of view compared with traditional
endoscopes, they still require an assistant to manage the
external handle.

As regards the navigation of the camera, there exist
surgical robots specifically designed to hold the endoscope; this
improves operative efficiency and reduces the need for
operating room staff [12]. These systems typically provide one
or more direct control interfaces, such as head [13] or eye [14]
trackers, or voice-activated control [15], through which the
surgeon directly commands the robot to make a specific motion
ofthe camera through a set of predefined orders. Although these
methods have succeeded in replacing medical staff, they
introduce extraneous devices and they require very specific
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instructions that also distract the surgeon. Moreover, camera
movements are constricted to a limited number of commands,
such as right, left, or inwards, indicating the desired direction
of motion. Conversely, automatic guidance of the camera
reduces the surgeon workload, who can concentrate on the
important surgical task. Automatic strategies can be divided
into two approaches: instrument tracking and navigation based
on the surgical workflow.

Instrument tracking is a guidance approach that involves
following the tips of the surgical instruments [16][17][18].
Many instrument-tracking approaches rely on image processing
techniques, generally using colored markers to identify tool
position [19]. The advantage of this approach is that no sensors
are required, but tracking is only possible when tools are inside
the camera field of view. Weede ef al. [20] improve camera
guidance by predicting tool motion using Markov models.
Unlike direct control interfaces, camera motion is automatic
and does not require constant supervision by the surgeon.
However, the guidance strategy follows simple and rigid rules,
such as tracking one tool or the middle point of both tools, or
zooming in or out so that both tools are always in the camera
field of view [21].

Some authors employ probabilistic classifiers to model
surgical tasks [22]. In this way, the guidance strategy is made
dependent on the actual state of the task. Ko ef al. [23] propose
a camera guidance method based on pointing to a specific
surgical site, depending on the task state. Similarly, in our
previous work [24], we proposed a method to improve
traditional instrument-tracking methods by defining different
tracking points, depending on the actual state of the task.
Moreover, this work includes a learning mechanism based on
taking into account particular guidance preferences of different
surgeons to improve the behavior of the robot. Although these
methods consider the surgical workflow to adapt the camera
guidance, the camera is supposed to be in a static position
during the execution of every maneuver or subtask. Despite
providing automatic guidance of the endoscope, all these
solutions are actually slaves to their rigidly preprogrammed
behaviors, and they lack the intelligence and awareness to be
considered autonomous [25]. Moreover, tracking methods
follow the same strategy independently of the task being
performed. In addition, approaches based on probabilistic
classifiers consider the actual conditions of the scene to decide
how to move the camera, but behaviors of the camera are
limited to the number of states of the overall task, and the
system does not contemplate changes in the preprogrammed
surgical plan or different ways of working of surgeons.

This paper proposes a novel concept of camera robotic
assistant that combines the advantages of intra-abdominal
devices and autonomous camera navigation systems. The
control architecture of this smart camera robotic assistant is
shown in Fig. 1. The cognition system implements the robot’s
base of knowledge and reasoning functions to infer the optimal
camera view for each state of the intervention, based on the
environmental information provided by a perception system,
and sends the desired motion of the camera to the camera
robotic assistant. The human-robot interaction module allows
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Fig. 1. Control architecture for a smart camera robotic assistant.

for communication between the camera robotic assistant and
the surgeon. This interaction includes a human- machine
interface (HMI) to directly command the robot a particular
motion, and a gesture recognition system to be able to follow
the surgical workflow. The recognition system, which has been
further studied in our previous work [24][26][27], interprets the
surgeon’s maneuvers to estimate the actual state of the task.
Finally, the perception system acquires dynamic information of
the environment; thus, it provides a snapshot of the surgical
scenario in every instant of the intervention. There are
numerous works in the literature related to object identification
in real applications, such as automatic gauze detection [28§],
needle detection [29] or automatic surgical tool tracking
[30][31]. There are also studies addressing the problem of
bleeding detection in real environments [32].

Based on the state of the art, the development of the smart
camera robotic assistant defined in Fig. 1 still requires a further
research on two scopes: the design of the camera robotic
assistant and the cognition system. First, current intra-
abdominal devices are handled by hand, so they cannot perform
automatic movements. Second, current navigation strategies are
very rigid and do not offer enough flexibility for a highly
dynamic environment such a surgical intervention. This work
proposes a camera robotic assistant composed of an intra-
abdominal magnetic camera robot and an external robot with a
magnetic holder attached at its end effector. Thus, this solution
allows autonomous camera navigation. Moreover, the camera
robot is provided with two cable-driven DoFs. This approach
avoids the need to include internal motors that would augment
the size and weight of the device. Regarding the camera
navigation, this work proposes a cognition system that
combines a reactive behavior based on instrument tracking with
a proactive behavior based on the surgery workflow. Hence, the
camera robotic assistant is able to accommodate the camera
view to the present state of the task, but with enough flexibility
to be able to adapt its behavior in unplanned or unforeseen
situations. Object recognition in real surgical scenarios is out of
the scope of this work, so for the experiments the perception
system has been reduced to a vision algorithm that tracks a set
of color markers.

The rest of this paper is organized as follows. Section II
introduces the mechanical design of the camera robotic
assistant, along with the geometric model of the task. Section
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Fig. 3. Camera robotic assistant overview.

III details the robot cognition and the codification of the long-
term memory and the learning mechanisms. Implementation of
the system is described in Section IV, presenting the
experimental setup and the hardware and software
architectures. Experiments are described in Section V, and
conclusions are presented in Section VI.

II. SMART CABLE-DRIVEN CAMERA ROBOTIC ASSISTANT

This section describes the mechanical design of the camera
robotic assistant and the geometric model of the task.

A. Mechanical Design

Fig. 2 shows an overview of the camera robotic assistant. The
robotic assistant is divided into two components: an external
robotic arm and an internal camera robot. Both devices are
coupled through a magnetic holder, which is attached to the end
effector of the robotic arm through its upper side, and is
provided with a set of permanent magnets on its lower side for
magnetic coupling of the camera robot. The camera robot is
introduced into the abdominal cavity through one of the
incisions the surgeon makes to introduce the surgical tools
(entry port). Once inside the abdominal cavity, it is attached to
the abdominal wall through magnetic coupling with the external
holder, thanks to a set of magnets placed on its base. Thus, the
robotic assistant has six DoFs: two displacements along the
abdominal wall surface (d: and d,) and a pan rotation (),
performed by the external robot, internal roll and tilt rotations
(a and f, respectively), and a digital zoom that simulates the
inward—outward motion  of traditional  endoscopes.
Displacement along the abdominal wall makes it possible to
reach any area inside the abdominal cavity, while pan rotation
(performed by rotating the external robot’s last joint) controls
the image horizon. In addition, tilt and roll DoFs allows viewing
the operating area from different perspectives, which may prove
really useful in 2D environments, where depth perception is
lost.

The mechanical design of the camera robot is depicted in Fig.
3. The robot is 30 mm x 27 mm % 88 mm, and the neodymium
magnets are 20 mm in diameter and 5 mm high. The camera
(model MO-F3506LSC-3T, Misumi Electronics Corp.,
Taiwan), which is only 8 mm in diameter and 10.5 mm long,
has a resolution of 400 TV lines, a frame rate of 50 fps, and a
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Fig. 4. Top view of the camera robot.
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Fig. 2. Cable-driven actuation system: (a) driven side; (b) driver side.

focus distance between 5 and 10 cm, appropriate for providing
high-resolution images in a laparoscopic environment. The
camera is provided with six white LEDs, so no additional light
is required during an operation.

The cable-driven system to actuate roll and tilt rotations is
illustrated in Fig. 4. The driven side is composed of two
concentric mechanisms (roll mechanism and tilt mechanism)
that move the camera in the two directions indicated by
rotations aand S, and the driver side is composed of two motors
(motor 1 and motor 2) in charge of actuating the system. The
actuation system is based on motion transmission between two
driver pulleys (pulley 1 and pulley 2) and two driven pulleys
(pulley 3 and pulley 4). On the driven side, blue and red cables
are attached to the pulley of the roll mechanism (pulley 3) and
green and orange cables are attached to the pulley of the tilt
mechanism (pulley 4). On the opposite side, the driver side,
blue and red cables are attached to the pulley of motor 1 (pulley
1), and green and orange cables are attached to the pulley of
motor 2 (pulley 2). Thus, an incremental rotation, €, of motor
1 transmits an incremental rotation, «, of the roll mechanism,
and an incremental rotation, &, of motor 2 transmits an
incremental rotation, £, of the tilt mechanism. Assuming no slip
of the cables in the mechanisms and negligible cable thickness,
the equations describing the transmission of motion from the
driver side to the driven side are:

I
a=D—391 (1)
=Dy 2
B = 5.0 @)

where Dy, D,, D3 and D4 are the diameters of pulley 1, pulley
2, pulley 3, and pulley 4, respectively.

B. Geometric Model of the Task

The geometric model of the task environment is depicted in
Fig. 5, where the global reference frame is marked {0} and the
2D image reference frame is marked {I}. The origin of system
{0} is located at the central contact point of the camera robot
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Fig. 5. Geometric model of the task environment.

with the abdominal wall, and the origin of system {I} is located
at the center of the image. The image width and height are
denoted w and %, and depend on the image resolution.
Displacements d, and d, cause a displacement of the image on
axes Xop and Yo, respectively, while a pan rotation ¢ causes a
rotation of the image around axis %. In addition, a roll
rotation provokes a displacement of the image in the X and
¥ directions, respectively. Finally, image zoom is computed

digitally as:
1
(k) = 70 (1) ¥

where w. and /. are the image width and height, respectively,
for a particular zoom level.

III. RoBOT COGNITION

As shown in Fig. 6, the robot cognition is composed of a
long-term memory, which encodes information for long periods
of time, and a working memory, in which knowledge from the
perception system and the long-term-memory is combined to
provide a unified representation of the current situation. Long-
term memory is divided into procedural memory, which is
associated with unconscious knowledge, such as motor skills,
and semantic memory, which stores conscious knowledge [33].
Procedural memory contains the basic knowledge of how to
select and perform basic actions or behaviors, i.e., it contains
the sequences of situation action rules to perform navigation
routines. Reinforcement learning algorithms allow the system
to improve the robot behavior by an iterative process based on
rewards associated with the action rules that form the base of
knowledge. Semantic memory contains general knowledge that
forms the basis of the robot world understanding. Semantic
learning allows information to be added to the robot knowledge
base during the assistant’s life-time.

Next, a mathematical formulation of the robot cognition is
presented. First, codification of the semantic and procedural
memory is described, followed by an analysis of the
reinforcement learning algorithm.
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Fig. 6. Description of the cognition system.

A. Semantic Memory

Semantic memory stores the declarative knowledge of the
system, modeled as a database composed of a set of tables or
semantic units {51, 5, $}. Si stores knowledge for object
recognition through visual algorithms; S, stores knowledge
about the surgical protocol; and S; stores the parameters of the
camera view for each state of the protocol. Each semantic unit
Si, with i = 1, 2, 3, is defined by a set of attributes and each row
of the semantic unit represents a particular object, event, or
state.

Semantic unit S; stores visual information of the objects to
be recognized. Hue/saturation/value (HSV) is the most suitable
color space for color-based image segmentation [34], so visual
object tracking is performed with color marks coded in HSV
coordinates. Hence, each row j belonging to S; represents a
marker M; to be tracked, with HSV coordinates in the range
represented by  HuminHmax,  Smin—Smax, and  Viin—Vinax,
respectively. Thus, row j of S; is defined as:

Slj = (1\4]' Hminj' Hmaxj' Sminj'Smaxj' Vminj' Vmaxj ) (4)

Semantic unit S, is the semantic unit that stores information
related to the surgical protocol. Most surgical procedures can
be described following a standardized protocol in which the
global task is divided into a set of subtasks or states, modeled
as a state diagram, where evolution to a particular state is
triggered by a transition condition. Hence, S, contains n rows,
with n the number of states of the overall task or protocol, each
described by a task state and the transition that allows the
evolution from the previous state. Thus, row j of S, is defined
as:

S,j = (state;, transition; ) 5)

Finally, semantic unit S; contains information about the
desired camera view for each state of the task, so it contains the
value of the assistant DoFs for each state, i.¢e., a, B, ¢, and zoom.
According to (5), robot displacements dy and dy depend on the
actual scene, so are not included in the semantic unit. Thus, row
j of S3 is defined as:

Ssj = (state;, M;, a;, Bj, ¢, zoom;) (6)
where M; is the marker that is the focus of attention of state;,

chosen from the objects defined in semantic unit S;. Semantic
units S; and S, are input offline during the assistant design
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Fig. 7. Camera navigation strategy.

process. However, the data of S; greatly depend on the
preferences of each particular user. It has been demonstrated
that eye gaze patterns are different for expert surgeons than for
novices [35], so the assistant needs an online semantic learning
mechanism that allows knowledge to be acquired from users.
Thus, during the semantic learning process, the user sets the
values of S; manually using the human—machine interface.

B. Procedural Memory

Current navigation strategies for camera guidance in
laparoscopic surgery are divided into two groups: instrument
tracking and navigation based on the surgical workflow. The
first approach can be considered as a reactive behavior, while
the second corresponds to a proactive control. Both approaches
are based on very rigid preprogrammed actions, and they lack
the intelligence and awareness to be considered autonomous.
While a reactive behavior has flexibility enough to track the
surgical tools wherever they are, it lacks the capacity of
adapting the viewpoint in response to the task currently being
performed. Conversely, a proactive camera behavior has the
flexibility to offer different camera views depending on the task
state, but the behavior within a particular state cannot be
changed. Thus, a camera navigation strategy that combines both
approaches would be able to offer a proactive behavior without
losing the advantages of reactive instrument tracking.

Under these considerations, the navigation strategy proposed
for the camera guidance is described in Fig. 7; this strategy
combines a proactive behavior with a reactive behavior. Owing
to its nature, each behavior has a different execution cycle:
whereas the proactive behavior runs every time the gesture
recognition system recognizes that a maneuver has been
completed and triggers a transition to jump to the following
state, the reactive behavior runs every system cycle. When a
transition is triggered by the gesture recognition system, the
cognition system infers the next state of the task according to
data stored in semantic unit S, (5). With the current state of the
task, the system infers the values of DoFs o, f, ¢, and zoom
according to data stored in semantic unit S3 (6), and sends it to
the action system to execute the corresponding robot actions.
Moreover, the current state is also used to send to the perception
system the HSV coordinates of the marker to be tracked,
according to the information stored in semantic unit S; (4). The
state is also sent to the reinforcement learning module, which
along with a reward value, computes the value of constants K;
and K, needed in the procedural memory module. These two
modules will be described next. Then, for each cycle of the

K., K, zoom

| —

Displacement
Computation

d,,d,

Fig. 8. Procedural memory control scheme.

system, the perception system outputs the instantaneous
position of the marker tracked in the actual state, Py, and the
positions of the tips of the right and left tools, Pr and Pi,
respectively. These variables are used along with the zoom
value to compute the corresponding displacement of the camera
robot, d, and d,, which is sent to the action system.

Fig. 8 shows the control scheme of the procedural memory
module of Fig. 7. The aim of this control scheme is to compute
the external robot displacements d. and d, so that the camera
keeps in its field of view the marker set in the semantic memory
for the actual state and the surgical tools. Thus, Prools, defined
as the image point to be tracked regarding only the surgical
tools, is computed as:

P 7
Proois = Kroois (Pf) ™

1
SRHSL
variables that are true when the right tool and left tool,
respectively, are moving, and false when they are not. Next,
Prools must be weighted with Py to provide a global point to
track that combines the proactive and reactive behaviors. This
weighing is done using constants K; and K, which weight the
contribution of the reactive and the proactive behavior,
respectively, to the global behavior of the robotic assistant.
Thus, the global point to track, i.e., the global focus of attention
of the image Pro4, is computed as:
Proa = Ky * Progis + Kp - Py (®)

where Ktgo1s = (0r  6L), where Or and &, are binary

where Ky, K, € [0,1]/K; + K}, = 1. These values are learned
with the reinforcement learning algorithm described in the
following section. Finally, point Pr.4 must be transformed into
camera displacements. This is done as follows:

(1) = o ©
dy) ~ zoom ~FoA

where Kym is a constant to convert a distance in the image
space (given in pixels) into the Cartesian space (given in
millimeters), and Ry is the rotation matrix between systems {0}
and {I}.

C. Reinforcement Learning

Robot behavior greatly depends on the values of K; and K:
high values of K. make the camera follow the instruments
independently of the state of the task, a behavior usually more
comfortable for novices, while low values of K, make the
navigation strategy highly dependent on the actual state, a
behavior more appropriate for expert surgeons. Therefore, for
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satisfaction

each user, the system must learn the values of X; and X, that
provides the best robot behavior, i.e., the values that maximize
user performance and satisfaction. The process of learning these
values is performed using a reinforcement learning algorithm.
This method is based on a set of production rules that are
balanced depending on a reward given by the environment
based on the last action performed by the robot [36].
Reinforcement learning is performed following a Q-learning
technique [37], which is based on associating a value Qj, called
the utility, to each rule Rj.

The complete process of the reinforcement learning
algorithm is described in Fig. 9. Production rules are composed
of two parts: a precondition (“IF”) and an action (“THEN”).
Preconditions depend on the current state of the task, while
actions store the possible values of K; and K, which are
discretized into m values as: K; = {K:1, Ko, ... , K} and K, =
{Kpt, Kp2, ... , Kpm}, where K = 1 — K. Therefore, each
production rule R; has the following syntax:

Rp: IF state = i THEN K, = K,; and K, = K, (10)

where 1 < i < n, with n the number of states of the task, and
1 < j < m. Thus, the production system is composed of n x m
rules. The final goal of the learning process is to infer the action
that maximizes the global robot behavior for each state. Thus,
the reward value is computed whenever the surgeon finishes a
particular state. The reward function is designed as a fuzzy
model that evaluates the robot behavior during the performance
of a particular task:

(In
where noCorrections is the total number of corrections the
user makes to the camera view using the human-machine
interface, time is the total time the user spends in completing
the state, and satisfaction is a qualitative variable that measures
how satisfied is the user with the camera’s behavior. The value
of this variable is set by the user after the completion of each
state, as it represents the user’s perception of the quality of the
camera view provided by the system. Fuzzy rules are designed
so that the user satisfaction predominates over the other two
variables. The time performance and the number of corrections
give an idea of whether the camera behavior has helped the
surgeon during the task. However, these two variables are
highly affected by the surgeon’s dexterity and the particular
conditions in which the task is performed, especially in
unpredictable environments, such as surgical interventions.
Thus, although these two variables are taken into account to

reward = fuzzy(noCorrections, time, satisfaction)

reward
reward

neCorrections. time

satisfaction

(a) (b)

satisfaction

Fig. 10. Fuzzy model surfaces: (a) satisfaction vs. noCorrections; (b)
satisfaction vs. time.

TABLE ]

PROCEDURAL AND REINFORCEMENT LEARNING ALGORITHM
1: if new transition condition do
2 infer next state using (5)
3 retrieve M, a, f, ¢ and zoom using (6)
4: retrieve HSV components of object using (4)
S: compute reward function following (11)
6.
7
8

update utility values (12)
select a rule following an &-greedy policy
for each system cycle do

9: compute d. and d, using (9)
10:  end for
11: end if

adjust the reward, they are highly related to surgeon
satisfaction. This can be clearly appreciated in Fig. 10, which
shows the behavior of the fuzzy model: reward is maximum for
maximum satisfaction, decreases slightly with the number of
corrections and the performance time, and is a minimum for
minimum satisfaction and maximum number of corrections and
performance time. For intermediate values of satisfaction, the
reward value follows a similar tendency to the number of
corrections and the performance time: it decreases with user
satisfaction.

The reward value is then used to update the utility Qx of each
rule of the production system, following the equation:

Qnnew = (A =1) - Qp ota + 7 reward + - EFR)  (12)

where 0 <7 <1 is the learning rate, 0 < pu <1 is the
discount factor, and EFR is the expected future reward,
computed as the maximum utility for the next state. The
learning rate determines the importance of new knowledge over
old information, while the discount factor determines the
importance of future rewards. Finally, rule selection is
performed using the e-greedy policy [38]. With this policy, a
random rule is selected with € probability, and the rule with the
highest utility value is selected with probability 1 —«.

Summarizing, the process of procedural memory with
reinforcement learning follows the algorithm described in Table
I. When a new transition condition is triggered by the gesture
recognition system, the system infers the new task state using
data from the semantic memory, in particular, using (5). With
the new state, the system retrieves the object to track in the new
state, M, and the value of the robotic assistant DoFs a, 5, ¢, and
zoom using (6). Then, using (4), the HSV value of object M is
retrieved so that the perception system can track the object.
Then, the reward value associated with the last state is
computed using the fuzzy model described in (11). With this
reward value, the system updates the utility value of each rule
in the production system using (12). Finally, the system selects
the following action, i.e., the values of K; and K, for the next
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state, following an e-greedy policy. Then, for each system
cycle, the system computes the camera displacements d; and d,
using (9).

IV. IMPLEMENTATION

The setup used for the experiment is shown in Fig. 11. To
operate the surgical tools, the experimental surgical robotic
platform CISOBOT, developed in the University of Malaga
[39], is used. This platform is composed of two six-DoFs
robotic arms, to the end effectors of which have been attached
two robotic graspers. These robotic graspers were
manufactured by motorizing the opening and closing of
commercial surgical grasper tools. Two haptic devices are used
to teleoperate the tools. For natural and ergonomic
teleoperation, the camera image is displayed on a monitor
placed in front of the user and between the haptic devices. The
external robot is a Barrett WAM (Barrett Technology, Inc.), a
seven-DoFs cable-driven robot, which exhibits zero backlash
and has low friction and low inertia. The main advantage of this
robot is that the initial position of the end effector can be placed
manually. The abdomen simulator is a methacrylate box with a
flexible cover that simulates the abdominal wall. Next, the
software architecture implemented in Robotic Operating
System (ROS) and the implementation of the reward function
are further described.

A. Software Architecture

The system software has been implemented in ROS, an open-
source framework specially designed for writing robot software
[40]. A ROS architecture is composed of a set of nodes that
exchange data through a publisher—subscriber communication
using streaming topics. Each node is an isolated process that
controls a particular device or system component.
Communication among nodes of the same architecture is
achieved through the ROS master, also called roscore. The ROS

Robot Cognition
Node

Reward Node

Teleoperation
Node HMI Node
Robotic Grasper
Node Vision Node

Motor Node WAM Node

Fig. 11. Implementation in a ROS architecture.

architecture implemented in this work is shown in Fig. 12, and

is composed of the following nodes:

- Robot Cognition Node. Robot cognition is implemented in
SOAR, a general cognitive architecture designed to handle a
full range of capabilities of intelligent agents [41]. SOAR is
based on a production system, and uses explicit production
rules to govern its behavior. Thus, SOAR allows the
implementation of the robot cognition described in Section
111, except for the fuzzy model that computes the immediate
reward for reinforcement learning, which is an input to the
node.

- Reward Node. This node implements the fuzzy model that
computes the environment reward of the reinforcement
learning algorithm. This is done in a MATLAB environment.

- Human—Machine Interface Node. The human—machine
interface is also implemented in a MATLAB environment, and
it manages the surgeon’s corrections to the system.

- WAM Node. This node implements the motion planning
algorithm of the Barret WAM robot and commands the robot
to produce the corresponding motion. It is written in C++
using the real-time control library [libbarrett. Robot
displacement along the abdominal wall is based on the hybrid
force—position control developed in our previous work [42].
This algorithm includes a torque compensation module that
controls the robot orientation to maintain the magnetic
interaction between the external holder and the camera robot
and to avoid injury to the patient.

- Vision Node. This node inputs the digital image from the
camera and implements the color segmentation algorithm for
object detection. The code is written in C++ using the real-
time computer vision library openCV. As this node handles
the camera image, it also implements the image display and
the digital zoom.

- Motor Node. This node controls the rotation of the motors
responsible for the roll and tilt of the camera robot. This node
is implemented in the Arduino environment using the servo
motor control library servo.

- Robotic Grasper Node. Control of the motors in charge of the
opening and closing of the robotic graspers is written in C++
using the same library as for the motor node, servo.

- Teleoperation Node. The node in charge of controlling the
CISOBOT, including processing the inputs from the haptic
devices, computing the desired motion of the instrument’s tip
and sending the corresponding motion to the robot’s joints is
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Fig. 14. Distribution of the experimental data for the analysis of repeatability
of cable-driven DoFs: (a) roll; (b) tilt.

implemented using a Simulink real-time windows target
(SRTWT), which provides runtime for Microsoft Windows
operative systems and is able to execute Simulink diagrams
in real-time. The haptic devices are connected to the SRTWT
using a C++ application as a gateway between both haptic
devices and the SRTWT.

V. EXPERIMENTS & RESULTS

This section presents the experimental results of the smart
camera robotic assistant proposed in this work. First, an
analysis of the camera robot is reported. Then, the design of the
experiment for the validation of the navigation strategy is
described, followed by the experimental results. Finally, the
reinforcement learning algorithm is analyzed.

A. Camera Robot Analysis

The camera robot analysis has been divided into two steps:
an in-vitro experiment to study the behavior of the internal
DoFs, and an in-vivo experiment to evaluate the viability and
quality of the camera robot. Control of the internal roll (ct) and
tilt (B) is performed in an open loop, owing to the lack of a
mechanism to measure camera orientation in a real
environment. Thus, the behavior of these DoFs has been studied
with an analysis of repeatability. For this experiment, six
particular positions of the motors 1 and 2, & and &,
respectively, were chosen, namely £60°, £40, and £20°. Each of
these positions was repeated ten times, measuring « and f for
each of them, for motor 1 and 2, respectively. Fig. 13 shows the
distribution of the experimental data for each DoF, where o
and Pm represent the mean value of a and B, respectively, for
each set of data. As it can be appreciated in the figure, the values

(a) {b)

Fig. 13. In-vivo experiment in a pig: (a) snapshot of the camera robot, and (b)
image of the camera.

Table II. COMPARISON BETWEEN CAMERA ROBOT AND CONVENTIONAL

ENDOSCOPE
Camera robot  Conventional endoscope
Image quality 3 5
Image stability 5 4
Field of view 5 3
Camera handling 4 3

measured are in the range [om—0.7, ant0.7] and [B m—0.6, B
mt0.65], for a and B, respectively. Taking into account that
maximum values of o and B are £30 degrees for both angles,
the maximum errors are 2.3% and 2% for o and P, respectively.
These are acceptable errors for moving the camera in a surgical
intervention, as this task does not require an accuracy as high
as is required for other surgical tasks, such as moving the
instruments. In fact, for a standard camera height of
approximately 10 cm, an error of 0.7° in the orientation of the
camera means an error of 1.22 millimeters in the area displayed
by the camera, which can be considered a negligible error.

On the other hand, an in-vivo experiment was carried out in
the Instituto Andaluz de Cirugia, Malaga, Spain. For this
experiment, two expert surgeons performed a laparoscopic
varicocelectomy in a pig using the camera robot presented in
this work and a conventional endoscope. The main goals of the
experiment were to demonstrate the viability of using a camera
robot with magnetic anchoring to the abdominal wall, and to
test the quality of the camera in a real environment. Fig. 14(a)
shows a first prototype of the camera robot inside the abdominal
cavity during the intervention. The camera robot was
introduced through a 3 cm incision at the beginning of the
procedure, through which the camera wires exited the abdomen.
In order to avoid gas escapes, the incision was closed with a
purse-string suture to seal the tissue around the wires. At the
end of the intervention, the surgeons reported that there were no
gas escapes during the procedure, and that the displacement of
the camera did not damage the pig’s abdominal wall.

To evaluate the camera, the surgeons were asked to complete
a survey to compare the camera robot with conventional
endoscopes for five different features: image quality, image
stability, field of view, illumination, and camera handling. Each
surgeon was asked to grade each feature with a score from one
to five, with one indicating “wholly dissatisfied” and five
indicating “highly satisfied.” The results are reported in Table
I1, which lists the mean scores for the two surgeons. The results
reveal that the weak point of the camera robot is the image
quality. However, surgeons reported that, although not
comparable with an endoscope, the camera robot provides a
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Fig. 15. Initial view of the experiment setup.

stable image with sufficient quality to perform a real operation.
A snapshot of the image provided by the camera robot is shown
in Fig. 14(b). Moreover, image stability with the camera robot
was better than with the conventional endoscope, as the latter
suffers from the inherent instability of human holding. On the
other hand, the strengths of the camera robot are the field of
view and the camera handling. As the motion of the camera is
not restricted by the entry port, it can provide more points of
view than a conventional endoscope, making it possible to
reach areas inaccessible for endoscopes. As regards camera
handling, although the camera robot has a more tedious
insertion procedure, once inside the abdominal cavity it can be
easily moved along the abdominal wall, and the camera does
not fog up during the intervention. By contrast, the conventional
endoscope fogs up very frequently, forcing surgeons to remove
them for cleaning during surgery.

B. Cognitive Camera Navigation

The objective of this experiment was to test the smart camera
robotic assistant proposed in this work. The experiment was
designed according to the following criteria: the task needed to
be as realistic as possible, to enable extrapolation to real
surgical environments, but easy enough to be performed by
inexpert personnel, and it needed to be repeated a significant
number of times to demonstrate that the results were reliable.
Under these considerations, the experiment was inspired by the
first task in the SAGES manual of skills in laparoscopic surgery
[43], peg transfer. The main purpose of this training task is to
exercise depth perception in a two-dimensional environment, so
it is a suitable task to validate whether the navigation strategy
proposed in this work helps users to perform the task.
Moreover, this task reproduces similar tools and camera
movements than real tasks like needle transfer or picking a
gauze and transferring it to the other tool. The experiment setup
is illustrated in Fig. 15. The task is performed over a
commercial pegboard with two cylindrical rubber rings (ring 1
and ring 2). Color markers (pink, blue, orange, and green) are
used to identify particular areas within the pegboard. The colors
were chosen to be clearly different in HSV coordinates. The
main technical difficulty in extrapolating this experiment to a
real environment is that of identifying the areas of interest
inside a real abdominal cavity. As mentioned in Section I, there

(d)

Fig. 16. Camera view for each stage of the task: (a) Stage 1; (b) Stage 2; (c)
Stage 3; (d) Stage 4; (e) Stage 5; (f) Stage 6.

are many studies addressing this problem [28][29][30][31][32].
The experiment involves performing a pick and place task

with each ring. It has been divided into six stages, where each

stage is associated with the following task:

o Stage 1. Picking ring 1 from peg 1 with the left tool. The
stage is completed when the ring is completely off the peg.

o Stage 2. Transferring ring 1 from the left tool to the right tool.
The stage is considered finished when the ring is held by the
right tool and the left tool is not in contact with the ring.

e Stage 3. Placing ring 1 onto peg 4. The stage is completed
when the ring is on peg 4 and the right tool is not touching it.

e Stage 4. Picking ring 2 from peg 3 with the right tool. As in
Stage 1, the stage is completed when the ring is completely
off the peg.

o Stage 5. Transferring ring 2 from the right tool to the left one.
This stage is considered finished using the same criteria as
Stage 2.

e Stage 6. The last task involves placing ring 2 on peg 2. After
this stage is completed, the complete experiment is
considered finished.

A snapshot of each stage is shown in Fig. 16. Transitions to
jump from one stage to the following are triggered when the
gesture recognition system recognizes that the maneuver
associated with the stage has been finished. As stated, gesture
recognition is out of the scope of this work, as it has been further
studied in our previous work [24][26][27], so for these
experiments, transitions are triggered manually. During the
performance of the task, the robotic assistant navigates the
camera autonomously according to the algorithm of TABLE I.
If the user is not comfortable with the camera view provided by
the assistant, he or she may input particular orders to the camera
through a graphical human—machine interface. This interface
allows any of the six DoFs of the assistant to be changed in
discrete steps: d., d,, a, f, ¢ and zoom. The experiment was
performed by five inexpert users. Each user performed two
experiments: one with the reinforcement learning module
disabled, to compare the behavior of the assistant with different
predefined values of K; and K, (experiment 1), and the other
with the reinforcement learning module enabled, to analyze the
convergence of the algorithm (experiment 2). Next, these two
experiments are further described, along with an analysis of
their results.
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Fig. 17. Results for experiment 1: (a) mean performance time; (b) mean
number of corrections.

Table ITI. DESCRIPTION OF EXPERIMENT 1

K: Ky Number of trials Label
0 0 5 Manual control
1 0 5 Reactive control
0 1 5 Proactive control
0.5 0.5 5 Dual control

C. Experiment 1

As described in Section III(B), the camera navigation
strategy combines two types of behavior: a reactive one, which
tracks the surgical tools, and a proactive one, which modifies
the camera view depending on the current state of the task.
Thus, the camera position depends on the contribution of each
behavior to the global comportment of the robotic assistant,
according to (8). Hence, the objective of this experiment is to
compare the task performance using different behavior
contributions parameters K, and K. For the first experiment,
each user performed 20 trials of the task described in the
previous section, divided into sets of five trials, each with a
different predefined robotic assistant behavior, as described in
Table III. The experimental results are evaluated using two
variables that allow an objective evaluation of the user
performance: the number of commands used by the users to
adapt the camera view during each state, and the time spent on
completing each state. Unavoidably, the user’s ability to
perform the task and to handle the teleoperation system affects
the results, even for two trials with identical camera view
conditions. Therefore, to minimize the effects of external
factors on the experimental results, each user spent a training
period to get used to the teleoperation system and to perform
the task with dexterity.

Experimental results are shown in Fig. 17, where the mean
performance time and the mean number of corrections of the
five users are represented. On the one hand, it can be observed
that both the time and the number of corrections are greatest for

manual control, decrease for reactive and proactive control, and
are least for dual control. Thus, these results demonstrate the
efficacy of combining a reactive and a proactive behavior in the
camera navigation strategy, as dual control shows the better of
the task performance. Moreover, in such case, the number of
corrections is reduced to 0, letting the user concentrate on the
important surgical task.

On the other hand, a close analysis of each subtask reveals
that reactive and proactive control strategies are more or less
useful depending on the task being performed. Picking and
placing tasks, i.e., stages 1, 3, 4 and 6, are performed with fewer
camera corrections using the proactive control, as these stages
are performed around a particular area and tools do not usually
move out of the camera’s field of view. However, in
transferring tasks (stages 2 and 5), both tools are interacting and
may not be always moving around the same area, so a more
reactive behavior is more comfortable for users. For example,
the ring may be transferred around the picking peg or around
the placing peg. Moreover, during the ring transfer it may
happen that the object falls. This situation is not contemplated
by the proactive control but the reactive control will follow the
tools to pick up the ring again. Hence, in these states, reactive
contribution is more critical than proactive contribution.
Performance time is less significant in comparing the different
control strategies, as it is more affected by the user’s ability and
the difficulty of the task. However, the tendency is similar to
that of the number of corrections.

D. Experiment 2

The previous experiment revealed that the contribution of
reactive and proactive control strategies, K, and K,
respectively, should be dependent on the current task stage. The
reinforcement learning algorithm described in Section III(C)
chooses, for each stage of the task, the values of K, and K|, that
maximize the system reward. Thus, the goal of this experiment
is to analyze if the camera robotic assistant is able to learn the
customized values of parameters K, and K, that most satisfies
each user. For this second experiment, each user performed 15
trials of the task with the following values of parameters of (12):
a learning rate (7) of 0.3 and a discount factor (x) of 0.9. As
regards the parameter for the selection of the following action,
a value of ¢ = 0.4 is used for the first ten trials, to allow
exploration of new actions, and the last five trials are performed
with ¢ = 0.2, to reinforce the values of K, and K, with higher
utility. Finally, the reward computed with the fuzzy model of
(11) ranges from —10 to 10, where —10 is the highest
penalization the system may obtain, and 10 is the highest
reward. In a surgical scenario, environmental conditions may
randomly change from one intervention to another. Thus, long-
term learning should prevail over the most recent information.
Hence, the value of 7 has been chosen so that old information
prevails over new knowledge, and the value of y makes the
system strive for a long-term reward. Conversely, values of 7
approaching 1 would make the system consider only the most
recent information, and values of g approaching 0 would
consider only the current rewards. Moreover, the value of &
determines the learning speed of the algorithm. While a smaller



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 11

o6

01

" Staged

Fig. 18. Customized values for K, for each user and each stage.

Stage 3

Stage 1 Stage 2

100 T T T

[ Giobal

B Trials 1-5
(I Tiats 610
[ Triaks 11-15

Fraquency of the customized value of Ki%)

ol
User 1 User 2 User 3 User 4 User §

Fig. 19. Frequency of the customized value for the 15 trials performed by each
user.

value of ¢ favors the exploration of new rules, higher ¢ values
favors the convergence of the algorithm.

Fig. 18 shows the customized values of K, for each user
(please note that K, = I — K), defined as the mode of the results
of the 15 trials. As it can be seen, stages 1, 3, 4 and 6 have K,
values lower or equal to 0.5, as for this stages users appreciate
the proactive control contribution over the reactive one.
Conversely, stages 2 and 5 have K, values closer to 1, as for
these stages users feel more comfortable with the camera
tracking the surgical tools. It can be appreciated that the value
of K; is slightly different among users. This is because of the
particular preferences of each user, and because of the influence
of the initial values of K, output by the algorithm, as when a
particular value has a positive reward, it is more likely to be
chosen again. These values of K, will be used by the procedural
memory to set the global focus of attention during the normal
performance of the system.

Fig. 19 shows the frequency of the customized values of K
for each user (the mean of the six stages is represented). The
purpose of this figure is to show the evolution of the election of
the final customized value of K, during the learning period. The
red bar represents the global frequencies for the 15 trials, which
are 64.4%, 61.1%, 70%, 58.9%, and 67.8% for Users 1 to 5,
respectively. The other three bars represent the evolution of the
data during the 15 trials. As can be seen from the figure, during
the first five trials, the frequency of the customized value of K,
is lower and, as the system learns, the frequency increases,
reaching the maximum for the last five trials.

Fig. 20 shows the particular results for Stage 4 of User 4, with
the value of K, and the associated reward of each of them
represented in blue and yellow, respectively (this is a
representative case, but results of other stages and users are
similar). As can be seen in Fig. 18, the customized value for
User 4 and Stage 4 is K, = 0.3. Fig. 20 shows how this value has
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roward
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Fig. 20. Reinforcement learning algorithm analysis for stage 4 of user 4: K,
and reward for each trial of the experiment.

a higher reward than the other values of X,. According to (12),
a rule with a high reward has a higher utility value; thus the
value of K, associated with this rule is more likely to be chosen
in following trials. This fact can be appreciated in the Figure, as
the most rewarded value, K, = 0.3, is the most output value by
the learning algorithm in the set of trials. However, owing to
the reinforcement learning nature, even within the last five
trials, new action exploration is presented. This is why the
algorithm chose a random value of K, in Trial 13, which in this
case is 0.1. However, the user penalizes this value with a
negative reward; therefore this value is highly unlikely to
appear again.

Analyzing the results of the experiments, we can observe
that, with the values chosen for parameters 7, ¢ and ¢ of (12),
the speed of the learning algorithm prevails over its accuracy.
Higher values of ¢ will make the algorithm less dependent on
initial values, but appreciably slower. For the particular
application of moving the camera in a laparoscopic procedure,
a high accuracy of the customized values of K, and K, is not
crucial, as similar values of these parameters will provide
similar behaviors of the camera. However, it is important that
the system is able to provide a comfortable camera view with a
short learning period.

VI. CONCLUSION

This paper presents the mechanical design and the cognition
system of a novel concept of camera robotic assistant that
combines the advantages of intra-abdominal devices with the
advantages of autonomous camera navigation systems. The
robotic assistant is composed of a magnetic intra-abdominal
device provided with a high-resolution camera and an external
robot to handle the camera. Thus, the robotic assistant has six
DoFs, allowing the robot to reach any area inside the abdominal
cavity and to provide different perspectives of the operating
area, an important factor in 2D vision, where depth perception
is lost. A novel cable-driven mechanism actuates the internal
DoFs, avoiding the need to use internal motors. This actuation
mechanism allows the DoFs to reach a set of positions with a
good repeatability. Robot navigation is performed
autonomously following a cognitive architecture that provides
the navigation strategy with enough flexibility to adapt to
different users and to react to unforeseen or unprogrammed
situations. Experimental results show that the navigation
strategy proposed in this work provides a camera view that



>REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

helps the users to perform a surgical procedure. Moreover, the
results show that users do not need to give corrections to the
system to change the camera view, thus allowing them to
concentrate on the important task. Results also demonstrate
that camera navigation provides the system with means to react
to unforeseen situations. The reinforcement learning algorithm
has also been validated, demonstrating that with a short training
period of just 15 trials the algorithm provides customized values
of K and K}, to provide the camera behavior that most suits each
user.

Future advances of this work will include a redesign of the
camera robot device to reduce friction forces, and the
implementation of a perception system able to track objects in
real surgical scenarios. Furthermore, an analysis of the viability
of integrating the whole camera robotic assistant in an operating
room must be carried out, along with the development of a fault
tolerance system to guarantee the safety of the patient and of
the medical staff.
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