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Abstract—Surgical robots provide various advantages, like
improved precision and dexterity, over conventional surgical
procedures and have been extensively studied in the last decade.
However, safety is still a major concern mainly due to the
unreliable or no haptic feedback to the surgeon and the shaky
movements (tremors) in the surgeons hands. These issues may
result in unwanted collisions between the robotic arm tips and
the soft tissues of the human body or between the robotic arm
tips inside the human body causing non-repairable damage.
In this paper, we propose to overcome this problem by using
image segmentation techniques, on the real-time video of the
robotic surgery, along with genetic algorithms to avoid possible
collisions. The main idea is to introduce an automatic collision
avoidance mechanism upon detecting a threat for a possible
collision. For illustration, some preliminary results on using
image segmentation on a video of the cholecystectomy surgical
procedure are presented.

I.

I NTRODUCTION

Surgical robotic [6] systems allow surgeons to perform
surgical operations from remote locations. This remote location
can be the same room where the operation is being performed
or it may be across two different countries or even crosscontinental as demonstrated in Operation Lindbergh [19],
where surgeons performed laparoscopic cholecystectomy form
New York, USA while the patient was at Strasbourg, France. A
simple surgical robot is depicted in Fig. 1 The system consists
of a Master console, which is the surgeon’s interface to the
system. The master console consists of a display unit to view
live video from the patient, a pair of master manipulators,
which are used by the surgeon to drive the robotic arms at
the patients end and a control and sensing module, which
is the electronic circuitry to sense the movements of the
manipulators and generate corresponding signals to control the
robotic arms. The slave console is housed close to the patient
being operated and is mainly composed of endoscopic video
camera to transmit 3D views of the surgical environment to the
surgeons console and a set of robotic arms, which are used to
perform the surgical procedures.
At present, it can be said with considerable confidence
that robotic surgery has demonstrated numerous advantages
over conventional surgical techniques and it has revolutionized
the operation theatre environment as well as the surgical techniques. Some of the distinguishing features of this technology

Fig. 1.

A Generic Surgical Robotic System

are:
•

More degrees of freedom (dexterity) in the surgical
tool manipulation than the conventional manual manipulation.

•

Greater precision (even up to <10 micrometers) than
the conventional surgical techniques where the precision is highly dependent on the human hand resolution
(100 micrometers typically).

•

Less fatigue for the surgeon, who is now seated and
working with an ergonomic surgeon console rather
than the uncomfortable standing posture in the conventional surgical procedures.

Moreover, surgical robots [4] have also contributed to improve
the quality of operations and introduce new types of surgical
procedures [29]. Some of the mainstream surgical robotic
systems include ZEUS [3], and Da-Vinci [28] RAVEN [10],
SOFIE [4], DLR MIRO [26] and Telelap ALf-s [18].
Despite these successes and advantages, surgical robots

have some major reliability concerns, which have to be addressed before their widespread usage. The main issue in this
regard is the chance of having unwanted collisions of the
robotic manipulator tips with the soft tissues found inside
the human body. These collisions may result in disastrous
consequences as far as patient well-being is concerned. Moreover, the inter-collisions of the robotic manipulator tips is also
an undesirable characteristic for the overall reliability of a
robotic assisted surgical procedure. It has been noted that the
foremost causes of such collisions include the physiological
tremor found in surgeons hand movement [32] and inefficient
haptic support in surgical robots. So far these issues have been
addressed by filtering the tremors [22], [11], [25], developing
realistic haptic [2] and scaling down the motion of surgeons
hand movement [25] at the slave console.
In order to complement these ongoing efforts and thus
devise a more effective collision avoidance mechanism for
surgical robots, we propose to use genetic algorithms to obtain
a collision free path for the robotic manipulators inside the
human body. We plan to benefit from the enormous literature
available on the usage of genetic algorithms for autonomous
collision avoidance of traditional robots moving in both static
and dynamic environments. The main idea is to develop an
intelligent module, which takes real-time video feedback from
the endoscopic camera and processes it via image segmentation
and genetic algorithms to identify various objects and extract
the depth information of the robotic arm tips, and accordingly
avoid collisions of the robotic arms autonomously via the Master Control and Sensing Module. To the best of our knowledge,
image segmentation and genetic algorithms have not been used
for collision avoidance of surgical robots before. Moreover,
there is very little work done in the domain of autonomous
surgical robots so our proposed idea can be regarded as one
of the pioneering steps in this regard.
II.

R ELATED W ORK

In this section, we briefly present some of the state-ofthe-art in using genetic algorithms for collision avoidance and
image segmentation formedical imaging.
A. Genetic Algorithms and Collision Avoidance in Robotics
Robot path planning has been categorized into two types:
global path planning (environment completely known and
static) and local path planning (dynamic environment) [12]. A
genetic algorithm has been used in conjunction with a neural
networks approach to solve a global path planning problem
[7] where the neural networks are used to have an information
based environmental model. Moreover, a genetic algorithm has
also been used to address the inverse kinematics issue related
to robotics [9].
Koza et. al. [13] illustrated the usefulness of collision
avoidance using genetic programming (subsumption architecture [5]) by comparing its capabilities with the conventional
collision avoidance approach for a wall following robot. The
conventional approach was based on the tasks performed in
series while the subsumption architecture executes the tasks in
parallel. Moreover, in the conventional approach the tasks were
dependent on each other while in the parallel tasking, genetic
algorithm was applied to each task, which was independent of

all others. Genetic algorithms have also been used for the path
planning of robots in both static and dynamic environment
with obstacles [21], [31], [12]. However, to the best of our
knowledge, most of the existing work in the field of collision
avoidance of robots using genetic algorithms has been done in
the path finding context of mobile robots that are not used for
medical and surgical applications.
B. Image Segmentation
Image segmentation is a twofold process. Firstly, it works
on object recognition and then it defines the boundaries of each
object in order to extract them. Nowadays, image segmentation
is being done through genetic algorithms in order to make
the process evolvable [30], [15], [17]. Segmentation is the
key aspect of finding the irregularities in the CT or MR
images in order to identify diseases. However, medical image
segmentation is not as simple as other images. Medical images
may have poor image contrast, a dynamic environment and
overlapping regions. In color medical images, like laparoscopic
images, the major hindrance in the way of segmentation are
the specular reflections due to the presence of wet tissues.
The Contour tracking approach is applied in [27] to segment 2D medical images and then the results are used as
training data for the genetic algorithm in order to segment
the anatomical structure from the sequence images. Similarly
an edge detection technique for the segmentation of medical
images is presented in [16]. A method of segmenting brain CT
images using parallel genetic algorithm is discussed in [33].
It is important to note that most of the above-mentioned work
focusses on the CT or MR images.
C. Collision Avoidance in Surgical Robots
Collision avoidance is one of the main challenges in the
field of surgical robotics these days. Collisions can occur in
surgical robots in two ways. 1) Collision of the robotic arms
with each other as well as with the instruments involved in
the surgical environment [8]. 2) Collision of the steerable tips
of the robotic hands with the internal organs (soft tissues) of
the human body. The first type of collision avoidance has been
addressed and many techniques have been devised, based on
the mechanical design of the robotic system. To the best of our
knowledge, the second type of collision is only catered for by
taking extra precautions by the surgeons manually.
In [14], a path following method has been presented for
the sinus surgery in which some preoperative CT images are
taken in order to plan a trajectory for the steerable tip along
with the boundary formation of the workspace in which the
robotic arm will move around. Taking user’s input and using
the pre-operative data collection, a set of optimal paths are
defined. The real time-3D images are used for an anatomical
model of the patient [14]. Sensorized robotic arms with force
feedback are used to introduce haptics [8] for minimizing the
risk of collision. Virtual fixtures have also been proposed [23],
[1] to keep the robotic arms in a defined workspace. However,
none of the above mentioned methods can guarantee absolute
collision avoidance. We tackle this problem, in this paper, by
proposing an image segmentation and genetic algorithm based
approach to ensure collision avoidance.

Fig. 2.

Different Threshold Positions

III.

P ROPOSED M ETHODOLOGY

The main idea behind the proposed methodology is to use
segmentation techniques using genetic algorithm to extract
the depth information of the robotic arms from 3D images
acquired via the live video feed of the surgery. A threshold
distance is then setup to ensure that the tissues are not involved
in the surgical procedures. This threshold is implemented in
two phases as shown in Fig. 2. The first one is called the
primary threshold (THpri) to slow the movement of the arm
tip while moving towards the tissues in danger and the second
one is called secondary threshold (THsec) to completely halt
the robotic arm when it has almost reached the region where
the soft tissue lies.
The proposed methodology consists of four main block as
shown in Fig. 3:
1) Input Module: This module accepts 3D images from
the endoscopic cameras during the surgical procedures, as an
input, to pre-processes them in order to improve the quality
of the images. The main steps include Guassian smoothing,
Colour space conversion, Brightness and Contrast enhancement and Specular reflections removal. After the removal of
different kinds of noises from the images, they are sent to the
segmentation module.
2) Segmentation Module: This module is considered to be
the most important component of our proposed methodology.
In this module, a heuristic approach is implemented to make
the system autonomous. Here the image segmentation is implemented using a genetic algorithm and the required depth
information of the robotic arm tip is calculated. In this paper,
we will be showing some segmentation results of color medical
images in different scenarios. The segmented refined images
are sent to the object detection module in order to specify
the objects as robotic arms or a human organ, such as liver.
Then the extracted information is sent to the depth information
module to calculate the relative position of the robotic arms
with respect to the body parts or organs. This depth information
is then sent to the decision making module for further action.
3) Decision Making Module: In this module, two decisions
are made based on the depth information coming from the
segmentation module. Firstly, the depth information is continuously checked to see if it has crossed the T Hpri threshold.
If yes then the second threshold boundary is also checked and
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Flow Chart for the Proposed Methodology

if that is crossed as well then a halt signal is sent to the Master
Control and Sensing (MCS) module. Otherwise, the MCSM is
advised to scale down the movements of the arms.
4) Master Control and Sensing Module: This module is
actually a part of the main robotic surgical system. It sends
the commands given by the surgeon to the robotic arms that
are actually performing the surgery. In the proposed system,
this module is supposed to sense both of the signals coming
from the surgeon and the Decision Making module and give
the control of the robotic arms to the signal with a higher
priority level.
IV.

E XPERIMENTAL R ESULTS

For illustration purposes, we will be focusing on the
generation of some initial results related to the segmentation
of the endoscopic images for a surgical procedure known as
cholecystectomy. This procedure involves the removal of the
gallbladder, which is attached to the liver of the human body.
There is a high risk of damaging the delicate tissues of the liver
when the surgeon tries to remove the gallbladder, because of
the hand tremors or other random errors in the system. In order
to use the proposed collision avoidance methodology for this
scenario, the first goal is to obtain clearly distinguishable and
detectable objects from the images.

For the sake of this case study, we work with 2D images
which have been obtained from a local hospital that recorded
the cholecystectomy surgical procedure for learning purposes.
In our method, we will first segment these 2D images to
generate training examples for the genetic algorithm based
segmentation. The selected images are shown in Fig 4(a). It
can be clearly seen that the images are showing wet tissues
which are having specular reflections, which is a common
issue with medical images and makes their segmentation quite
challenging. In order to segment the objects contained in the
images these specular reflections have to be removed and
thus the objects are to be smoothed. This pre-processing has
been done by using the poisson image editing equation [24]:
∇2 Φ = f where ∇ is the Laplace operator and is being used
to reduce the large discontinuities for smoothing the image by
changing the local illumination.
After pre-processing the images for noise removal, the
resulting images as shown in Fig. 4(b). These images are then
sent to the segmentation module. The resulting images have no
specular reflections and the noise has been removed to some
extent. Various segmentation methods, like contour based technique, texture based technique, knowledge based technique,
model based technique and learning based technique, for the
segmentation of medical images have been discussed in [20]
in the perspective of using genetic algorithm for segmentation.
We used the method of watershed segmentation to the preprocessed images and the main idea of this method is to
identify different regions by drawing their boundaries in the
images as shown in Fig. 4(c). In this method, we can define
our regions of interest and the unwanted regions can be merged
using a set of markers. This process uses the method of
flooding the regions where the flooding is started from the
minimum of the region up to the level when the region is
about to overflow. Our technique has successfully identified
different objects in the images as different regions. We have
applied our technique on three different test images to show
three different scenarios. In the first image sample, the robotic
arm is in the vertical direction and the specular reflections are
smoothly distributed. The reflections are not in the small scale
and the gradient in the image is on the higher side. As we can
see that the segmented image 1 has completely extracted the
liver as one region and the robotic arm as the other.
In the second image sample, we have considered the
situation where the specular reflections are roughly distributed
along the image in high quantity and the rough look of the
gallbladder could have resulted in a number of regions but our
results show that the robotic arm is segmented out as a separate
region from the liver with an extra small region in the liver
area which can be dealt with through region merging. In the
third image sample, the considered image is slightly blurred
as compared to the other images yet the results show that the
region of the robotic arm’s tip is extracted as a separated object
from the liver. Because of the blurred image the liver region
has been identified into a few regions due to the small specular
reflections but this can be dealt with region merging. We tested
our image segmentation technique with a large number of
medical images and the results are found to be more than
satisfactory, which shows the credibility of our algorithm.
The next step in the proposed methodology is to use a
genetic algorithm along with the segmentation process. Based

on the segmentation of these 2D images, depth information will
be calculated so that real-time decisions are made in order to
avoid collisions of the robotic arms steerable tips with the soft
human tissues during surgeries.
V.

C ONCLUSIONS

Robotic surgery is becoming the focus of the surgeons
around the world. However, their reliability in terms of collision avoidance is still questionable. In this paper, we propose
a methodology to address these issues. The proposed methodology is primarily inspired from the autonomous collision
avoidance developed in mobile robots and utilizes image segmentation along with genetic algorithms. Besides explaining
the methodology, the paper also describes a case study on
object detection from endoscopic images for cholecystectomy.
The successful identification of the objects in this exercise
clearly indicates the potential in the proposed method. To the
best of our knowledge, the proposed method is the first of its
kind as no other method of collision avoidance in the context
of surgical robots has been proposed before. We are currently
working on choosing an appropriate genetic algorithm and
working with 3D images to perceive depths, which is a vital
requirement for collision avoidance in robotic surgeries.
R EFERENCES
[1]

[2]

[3]

[4]

[5]
[6]

[7]

[8]

[9]

[10]

[11]

[12]

S. Lang Allison M. Okamura A. Bettini, P. Marayong and Gregory D.
Hager. Vision-assisted control for manipulation using virtual fixtures.
IEEE Transactions on Robotics, 20(6):953–966, 2004.
H. Ren A. Squires C. Payne K. Masamune G. Tang J. Mohammad pour
A. Hamed, Sai C. Tang and Z. T. Ho Tse. Advances in haptics, tactile
sensing, and manipulation for robot-assistedminimally invasive surgery,
noninvasive surgery, and diagnosis. Robotics, (2012):14, 2012.
A. J. Kant S. E. Langenburg R. Rabah K. Gidell E. Dawe M. D. Klein
A. Lorincz, C. G. Knight and G. McLorie. Totally minimally invasive
robot-assisted unstented pyeloplasty using the zeus microwrist surgical
system: an animal study. Pediatric Surgery, 40(2):418–422, 2005.
L. Bedem. Realization of a demonstrator slave for robotic minimally
invasive surgery, Technische Universiteit Eindhoven, Eindhoven, the
Netherlands. PhD thesis, 2010.
R. A. Brooks. A robust layered control system for a mobile robot. IEEE
Journal of Robotics and Automation, 2(1), 1986.
C.M.R.Marohn and C.E.J.Hanly. Twenty-first century surgery using
twenty-first century technology: surgical robotics. Current Surgery,
61(5):66–73, 2004.
G. Wei-Kang D. Xin, C. Hua-hua. Neural network and genetic algorithm
based global path planning in a static environment. In Zhejiang
University Science, 2004.
A. Knoll E. U. Schirmbeck R. Bauemschmitt H. Mayer, I. Nagy. The
endo[pa]r system for minimally invasive robotic surgery. Proceedings of
IEEE/RSJ International Conference on Intelligent Robots and Systems,
Sendal, Japan, 2004.
P. Bessiere E. Mazeri J. M. Ahuactzin, El-G. Talb. Using genetic
algorithms for robot motion planning. In Geometric Reasoning for
Perception and Action, pages 84–93.
M. Sinanan J. Rosen, M. Lum and B. Hannaford. Raven: Developing a
surgical robot from a concept to a transatlantic teleoperation experiment.
Surgical Robotics, pages 159–197, 2011.
S. M. Hong K. C. Veluvolu, S. Tatinati and W. T. Ang. Multi-step
prediction of physiological tremor for surgical robotics applications.
IEEE Transactions on Biomedical Engineering, 60(11), 2013.
T. W. Manikas R. L. Wainwright H. Tai K. H. Sedighi, K. Ashenayi.
Autonomous local path planning for a mobile robot using a genetic
algorithm. In Evolutionary Computation, pages 1338–1345, 2004.

Fig. 4.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

(a) Test Images (b) Pre-Processed Images (c) Segmented Images

J. R. Koza. Evolution of subsumption using genetic programming. In
Proceedings of the first European Conference on Artificial Life, pages
110–119. MIT Press, 1993.
M. Li and R. H. Taylor. Spatial motion constraints in medical robot
using virtual fixtures generated by anatomy. Proceedings of IEEE
lnternational Conferance on Robotics and Automation, 2004.
M. Batouche M. E. Kamal and S. Foufou. A multiagent system
approach for image segmentation using genetic algorithms and extremal
optimization heuristics. Pattern Recogn. Lett., 27(11):1230–1238, 2006.
Essam A. El-Kwae M. G. and M. R. Kabuka. Edge detection in
medical images using a genetic algorithm. IEEE Transaction on Medical
Imaging, 17(3), 1998.
A. Uinskas M. Paulinas. A survey of genentic algorithms applications
for image enhancement and segmentation. Information Technology and
Control, 36(3), 2007.
S. Gidaro M. Stark, T. Benhidjeb and E. Morales. The future of
telesurgery: a universal system with haptic sensation. Turkish-German
Gynecological Association, 13(1):74–76, 2012.
J. Marescaux. Transcontinental robot-assisted remote telesurgery: Feasibility and potential applications. Anals of Surgery, 235(4):487–492,
2002.
U. Maulik. Medical image segmentation using genetic algorithms. IEEE
Transactions on Information Technology in Biomedicine, 13(2):166–
173, March 2009.
G. Nagib and W. Gharieb. Path planning for a mobile robot using genetic algorithms. In International Conference on Electrical, Electronic
and Computer Engineering, pages 185–189, 2004.
S. Bachhal A. Kumar P. Gopal, S. Kumar. Tremor acquisition and
reduction for robotic surgical applications. International Conference on
Advanced Electronic Systems (ICAES), 2013.
A. M. Okamura P. Marayongl, M. Liz and G. D. Hager. Spatial motion
constraints: Theory and demonstrations for robot guidance using virtual
fixtures, proceedings of ieee international conference on robotics and
automation, taipei, taiwan. International Conference on Robotics and
Automation, 2003.
A. Blake P. Perez, M. Gangnet. Poisson image editing. ACM Trans.
Graph., 22(3):313–318, 2003.

[25]

[26]

[27]

[28]
[29]
[30]

[31]

[32]

[33]

G. D. Rosson P. R. Brown R. D. Katz, J.Taylor and N. K. Singh.
Robotics in plastic and reconstructive surgery: Use of a telemanipulator slave robot to perform microvascular anastomoses. Journal of
Reconstructive Microsurgery, 22(1), 2006.
H. Weiss R. Engelke R. Konietschke, T. Ortmaier and G. Hirzinger.
Optimal design of a medical robot for minimally invasive surgery. In
Conference of the German Society of Computer and Robotic Assisted
Surgery (CURAC).
1 R. Polic J.C. Yanchd S. Cagnonia, A.B. Dobrzenieckib. Agenetic
algorithm-based interactive segmentation of 3d medical images. Image
and Vision Computing, pages 881–895, 1999.
M. Hanuschik S. DiMaio and U. Kreaden. The da vinci surgical system.
Surgical Robotics, pages 199–217, 2011.
H. Weiss T. Ortmaier and V. Falk. Design requirements for a new robot
for minimally invasive surgery. Industrial Robot, 1(6):493–498, 2004.
T. Jin-Wen T. Wen-Bing and J. Liu. Image segmentation by three-level
thresholding based on maximum fuzzy entropy and genetic algorithm.
Pattern Recognition, 24(16), 2003.
Ji. Tu and S. X. Yang. Genetic algorithm based path planning for
a mobile robot. lEEE International Conference on Robotics and
Automation, 1:1221–1226, 2003.
K. C. Veluvolu. Estimation and filtering of physiological tremor for
real-time compensation in surgical robotics applications. Med Robot,
pages 334–42, 2010.
T. Jiang Y. Fan and David J. Evans. Volumetric segmentation of brain
images using parallel genetic algorithms. IEEE Transaction on Medical
Imaging, 21(8), 2002.

