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Abstract Image guided robot assisted surgical (IRAS) training was applied to train
users in acquiring motor skills for laparoscopic surgery. Virtual surgery experiments
were conducted to verify the effectiveness of this training method and compare
with that of conventional training. The participants received image guided robot
assisted training spent lesser time and shorter trajectory length in completing the
same tasks when comparing with participants who were trained by conventional
training method. Performance of the two groups of participants were also evaluated
by a Hidden Markov Model which represents the surgeon’s performance. The group
receiving IRAS training achieved higher probability of observation sequences than
that of the group receiving conventional training. This study suggests that the IRAS
training method is effective in transferring motor skills from surgeon to other users.

1 Introduction

Laparoscopic surgery is a preferred surgical method for all technically possible
cases. However due to the nature of laparoscopic surgery itself, physical and vi-
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sual constraints such as work space limitations and hand-eye coordinations are im-
posed onto the surgeons [1]. Therefore, intensive training is required for medical
residents to acquire the necessary skills and proficiency before they can operate on
real patients. Although the skills can be developed in conventional operating room
environments, costs and safety concerns with respect to practicing on patients limit
on the amount of training attempts residents can experience. Numerous training
equipments which allow medical residents to practice their laparoscopic skills are
available commercially, ranging from box trainer to virtual reality training system
[2]. However, these training equipment only provide a controlled environment to
practice in. The users have to practice and hone their skills without guidance by
themselves, or with guidance only with external supervision, such as experienced
surgeons.

Physical guidance is an intuitive and effective method in training motor skills
[3]. Physical guidance can be applied in laparoscopic surgical training as well. Ex-
perienced surgeons occasionally guide medical residents by holding their hands, or
correcting their arm gestures in order to show the appropriate way of handling surgi-
cal instruments in a specific scenario. In our previous work, we proposed an Image
Guided Robot Assisted surgical (IRAS) training system to record the movement of
a surgical instrument in a virtual surgical operation and use the robotic technolo-
gies together with the recorded procedure to demonstrate and guide the trainees in
honing their motor skills for laparoscopic surgery [4].

In this paper, we evaluate the effectiveness of the IRAS training system. Basic
evaluation criteria, such as total task time, path length, path smoothness and trau-
mas on the organs were applied by other researchers in evaluating virtual reality
surgical simulators [5, 6] and robotic assisted surgery [7]. While these evaluation
criteria provide information in overall performance, they hardly reflect how close
the trainee’s performance is to the experienced surgeon’s performance, especially
from medical staff’s perspective. Another commonly used technique in evaluating
surgical performance is the Hidden Markov Model (HMM). Researchers applied
HMM technologies in evaluating the proficiency levels of the participants in using
LapSim simulator for minimally invasive surgical training [8] and the proficiency
levels of surgeons in using the Da Vinci surgical system [9].

The objective of this paper is to study the difference between the image guided
robot assisted surgical (IRAS) training method and conventional training method
in acquiring laparoscopic surgical skills. We applied HMM techniques to compare
the performance of two groups of participants where one group of participants re-
ceived the IRAS training and the other group of participants received their training
by watching a video of virtual surgery. The remaining paper is organized as follows:
Section 2 describes the surgical training system, surgical scenario and HMM evalu-
ation method for this study. Section 3 explains our experiment method in detail. The
performance of the participants is evaluated and discussed in Section 4. Finally, our
work is concluded in Section 5.
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2 Robotic Surgical Training Method

2.1 Surgical Simulation System

The IRAS training system consists of two modules, the robotic laparoscopic surgical
trainer and the surgical simulation platform, as shown in Fig. 1, and Fig. 2. Both
modules are connected by a dedicated Ethernet communication network.

The robotic laparoscopic surgical trainer serves as a human-machine interface in
both processes of acquiring surgical procedure and providing guidance to the users
[4]. The robot was designed to mimic the motion kinematics of the laparoscopic
instruments in the real surgery [4]. Users can operate with the robotic handles (Fig.
2a), using them to perform a virtual surgery. The motion information of the robotic
handles are sent to the surgical simulation platform to drive the virtual instruments
and operate on the virtual organs. Motion trajectories of the robotic handles, virtual
instruments and statues of the tool-tissue interaction are recorded for the purpose of
training and analysis.

The surgical simulation platform comprises of patients virtual organs, a tool li-
brary of laparoscopic instruments and physics engines. The tool library contains
common instruments required for laparoscopic surgery, such as forceps with dif-
ferent shapes and sizes, hook electrode, clip applicator and scissors. Tool-tissue in-
teractions, organ deformation, tissue division and other activities executed during
surgery are simulated in the surgical simulation platform.

In order to enhance the training performance of the system, the surgical simu-
lation platform incorporates smoking, bleeding, perfusion and audio effects for the
operations involving hook electrodes and scissors. Activation of bleeding and per-
fusion effects is triggered by the collision of objects, angle and contact pressure
between the tool tip and organ surface. A basic assessment is provided after every
surgical simulation, including time spent, average velocity of the tool tip, number
of bleeding sites and perfusions that occurred.

A simulated surgical procedure can be reproduced for training and demonstra-
tion. Motion of the robotic handle and tool-tissue interaction can be replayed on the
robot and the surgical simulation platform simultaneously. The user can hold on to
the moving robotic handles while watching the simulated surgical procedure to ap-
preciate the maneuvers conducted by the experienced surgeon. Motor skills training
can be conducted through such a record and replay procedure.

The system is designed for patient specific laparoscopic surgery training and sim-
ulation in which a model of any patient can be generated based on CT data and
configured for a virtual surgery [10]. A framework has been established to gener-
ate patient specific anatomical models for virtual surgical procedure [11]. Nineteen
patients’ abdominal CT images were segmented, analyzed and built as virtual pa-
tients for the laparoscopic cholecystectomy surgery. This allows medical residents
to be exposed to a variety of surgical cases and provides them with a preview of any
variation in anatomy before they start the surgery.
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Fig. 1 Image guided robot assisted surgical (IRAS) simulation system for patient specific surgical
training and surgical planning.

Fig. 2 IRAS simulation system diagram: robotic laparoscopic surgical trainer (a) and surgical
simulation platform (b).

2.2 Surgical Scenario

A segment of the cholecystectomy surgical procedure is selected as the experimen-
tal scenario in the simulation. This segment begins with the liver and the gallbladder
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lifted up and exposed. A grasping forceps (Fig. 3a) is inserted from the left port to
grasp the Hartman’s pouch of the gallbladder and pull to stretch the cystic duct. A
small hook electrode (Fig. 3a) is inserted from the right port to ablate the connec-
tive tissue and dissect the cystic duct. When the ablation process is completed, the
instrument in the right port is changed to a curved forceps (Fig. 3b). This forceps
is inserted between the cystic duct and the liver for inspection to ensure that all
connective tissue has been fully ablated. Once complete, a clip applicator (Fig. 3c)
is inserted from the right port to deploy three clips onto the cystic duct. While the
clips can also be deployed on the cystic artery in real surgeries, the artery is not
modeled in this scenario. After deployment of the clips, the instrument in the right
port is changed to a laparoscopic scissors (Fig. 3d), and the cystic duct is divided.
Two clips are left on the cystic duct to ensure that the cystic duct has been clamped
securely.

During the entire virtual surgery, the main task of the instrument in the left port is
to grab onto the gallbladder and stretch the cystic duct, providing room and allowing
the instrument from right port with more access to carry out the procedure. The
procedure described above was chosen as the evaluation procedure as it is a critical
procedure in cholecystectomy surgery. Requirements from medical perspective such
as the place of grabbing, the orientation of curved forceps, need to be taken into

(a) (b)

(c) (d)

Fig. 3 (a) Grasping forceps and hook, (b) Curved forceps, (c) Clip applicator, (d) Scissors.
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consideration while using each instrument. The entire series of tasks can be further
divided into 4 subtasks based on the instrument in the right port as follows:

Subtask 1: ablation of the connective tissue and dissection of the cystic duct;
Subtask 2 : checking the clearance between the cystic duct and the liver;
Subtask 3 : deployment of three clips on the cystic duct;
Subtask 4 : division of the cystic duct.

2.3 Performance Modeling by HMM

The virtual surgery used for the IRAS training is recorded from an experienced sur-
geon’s operation. Observation features for training the HMM are extracted from the
surgeon’s operation to characterize the tool-tissue relationship and the appropriate
way in manipulating the surgical instruments. The observation features include the
relative position of the left and right instruments to the specified points on the or-
gan, PLO and PRO;the position and orientation of the left and right instruments’ tip,
PL andPR; the opened angle of surgical instrument’s handle, αL and αR; the angle of
the instrument’s tip vector to the specific vectors on the organ ,βL and βR; the status
of footswitch, FR; the vector from left instrument’s tip to the right instrument’s tip,
PLR . These features are illustrated in Fig. 3. It is expressed as

Os = {PLO PRO PL αL PR αR βL βR PLR} , (1)

where s = 1, 2, 3, 4, are the subtasks described in section 2.2.

(a) (b)

Fig. 4 Instruments’ tip to the specified points on the organ, PLO and PRO ; relative position vector
from the left instrument’s tip to the right instrument’s, PLR ; angle between the instrument’s tip
vector and the specific vectors on the organ, βL and βR ; angle of the instrument handle opened, αL
and αR , they are proportional to the angle of applicator’s jaws formed.
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These features are selected to capture the operation performed on the organ, such
as the places where the instruments operate on, status of the instrument (such as
grabbing, ablation, deploying and cutting), Relative position of the left instrument
with respect to the right instrument and the instruments to organs. As a hook elec-
trode is used in subtask 1, the angle of the instrument’s handle has no effect to the
ablation process. The signal from footswitch and the position of hook electrode can
be used to indicate whether the user activates the ablation process at the right places.
Therefore the observation feature αR in expression (1) is replaced with the status of
footswitch FR for subtask 1 only.

HMM with full transition using Gaussian distribution is constructed to model the
surgeon’s operation procedure. Four HMM models, λs, s = 1, 2, 3, 4 , are trained to
represent the 4 subtasks. In order to construct HMM models that could adequately
represent the surgeon’s performance, cross validation is applied to determine the
optimal number of states for the HMM models. Each HMM model is set with 3
states as illustrated in Fig. 5. The initial parameters are estimated by k-means clas-
sification method for the Gaussian distribution. The expectation maximization (EM)
algorithm is applied to estimate the parameters of the HMM models [12].

The probability of observation sequence is used as a measure of the similarity of
trainees’ performance to the surgeon’s performance. This similarity is measured in
terms of the observation features described in expression (1). Observation sequences
Ot,s extracted from the 4 subtasks conducted by trainees are input into the respective
HMM model to find out their probabilities. The probability of the observation se-
quence generated by the surgeon’s HMM model is expressed as Pt,s(Ot,s|λs), where
s is the number of the subtask, t is the serial number of the trainee.

Fig. 5 3 states full transition Hidden Markov Model. π is the prior probability, a is the state tran-
sition matrix and b is the observation probability.
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3 Experiments

For the purpose of evaluating the difference between the two training methods, the
effects of difficulty levels in the virtual surgery should be minimized. Hence, the
experiment was conducted on the same patient’s model. An experienced surgeon
performed the procedure described in section 2.2, a total of 10 times. The surgeon
performed the virtual surgery with the same requirements as in real surgery, such
as selecting the tissue grasping location, orientation of the instrument tip during
ablation and visibility of the instrument tip for different instruments. The entire
virtual surgical procedure was recorded, including the trajectory of instrument’s tip,
the relative position of the instruments’ tip to the organ, and the deformation of the
organs. Features extracted from the acquired data were taken to train a HMM model
to serve as a reference model for comparison with the participants’ performances.
Fig. 6 shows the convergence of EM algorithm in training HMM models for the 4
subtasks. One of the acquired procedure was chosen by the surgeon to work as a
guiding reference to train the participants in the experiment.

Fig. 6 Convergence of log likelihood for each subtask in parameter estimation process.

Twelve subjects, with an average age of 22.3±3 years and no medical experi-
ences participated in the study. They were randomly divided into two groups with 6
participants in each group, namely Group A and Group B. Since neither participant
had medical background, they were first introduced with cholecystectomy and the
function of each laparoscopic instruments as mentioned in Section 2.2. All partic-
ipants were given 3 hours each to familiarize themselves with the training system
a day before the experiment. In order to obtain a sense of how the laparoscopic
instruments worked and how to use the robotic system to perform virtual surgery,
they practiced on pointing, grabbing, moving, clipping and dividing operations with
the training system. After familiarization with the robotic system, the task was then
described to all participants.

Participants in Group A underwent the image guided robot assisted training us-
ing the system as shown in Fig. 1. The handles of the robotic system moved along
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the recorded trajectories of the experienced surgeon while the virtual surgical scene
corresponding to the movement of surgical instruments and tool-tissue interaction
was also replayed on a wide screen monitor simultaneously. Participants were re-
quired to place their hands on the robotic handles to experience the motion of the
surgical instrument while watching the surgical simulation scene at the same time.
Conversely, the participants in Group B received their training by watching a video
of the virtual surgery. All participants were informed to concentrate on how the
instruments were manipulated, including relative position to the organ, orientation
of the instrument’s tip and angle of the instrument’s handle opened. The simulated
surgical procedures showed to both Group A and B were identical.

All participants were required to experience one session of training, followed by
one session of practice on the virtual patient. This training and practice cycle was
repeated 5 times. Upon completion of the 5 cycles of training and practice sessions,
all participants were required to complete 10 tests of the entire task. There were
practices and 120 tests in total. All participants went through the 5 cycles of training
and practice sessions, concluding with the test session.

4 Performance Analysis and Discussions

Average task time utilized, trajectory length for left and right instruments were cal-
culated to evaluate the participants’ overall performance on the task. The overall
performance of the surgeon was also evaluated by these basic evaluation criteria
and they are shown in Table 1. The participants in Group B took longer task time
and utilized longer trajectory length to complete the task as compare to Group A.
The participants from Group B may have behaved more hesitant in performing the
tasks; they may have exercised more trial-and-error attempts while navigating the
instrument to approach the organ due to the constraints in depth perception [13].
Similarly, due to the limited depth information inherently obtainable from watching
training videos, the participants of Group B may have spent more time establishing
their sense of depth during the practice and test sessions, resulting in the utilization
of longer time and trajectory length. In contrast, Table 1 show that the task time
and trajectory length for participants in Group A to complete the tasks is closer
to the surgeon’s performance. This might suggest that the motor skills required to
perform the tasks have been demonstrated and transferred from the surgeon to the
participants.

Applying T-test on Group A and B, we can notice that the difference between
both groups in trajectory length is statistically significant (p <0.05). On the other
hand, task time may not be an effective evaluation criteria (p >0.05) to identify the
difference between both group’s performances.

Observation sequences from participants’ 10 test sessions were fed to the sur-
geon’s HMM model to obtain the probabilities of observation sequences. They were
obtained using forward-backward algorithm [12] and expressed in log likelihood.
The mean log likelihood of two group’s each test session for each subtask are shown
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in Fig. 7. Participants from Group A generally produced higher log likelihood and
smaller standard deviation than Group B in all 4 subtasks. Although Fig. 7. shows
that Group A’s performance is closer to the surgeon’s model than Group B, more
tests are required to confirm the results statistically.

The 120 probabilities of observation sequences generated by the surgeon’s HMM
model for both group and each subtask were ranked. Percentages of the observation
sequences from Group A and ranked at top 20, 40 and 60 of the 120 sets of obser-
vation sequence are listed in Table 2. Based on the results, Group A obtained the
majority of top 20, 40 and 60 of the 120 sets of observation sequences of all 4 sub-
tasks. This suggests that the participants from Group A tried to execute their virtual
surgery in a similar way to the surgeon. The performance of Group A is closer to
the surgeon’s performance in terms of the observation features.

Fig. 7 Mean log likelihood and standard deviation of each group of participants at each test ses-
sion. Dark solid lines represent Group A, dash lines represent Group B, vertical bars represent the
standard deviation of the likelihood for each test session.
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Table 1 Surgeon and participants’ performance evaluated by average task time, trajectory length
of the left and right instruments

Participants Time(s) Left(mm) Right(mm)

Surgeon 239.5±38 530.1±184.4 1512.0±144.2
Test session Group A 246.7±70.9 579.8±275.4 1578.3±369.0

Group B 268.4±149.5 978.7±861.4 1850.6±824.0
p value 0.18 <0.001 0.011

Table 2 Percentages of the observation sequences from Group A and ranked at top N of the 120
observation sequences (N=20, 40, 60).

Top 20 Top 40 Top 60

Subtask 1 65.0 % 67.5% 65.0%
Subtask 2 90.0 % 77.5% 70.0%
Subtask 3 60.0 % 52.5% 53.3%
Subtask 4 70.0 % 72.5% 58.3%

5 Conclusion

There are numerous training equipments and methods to assist surgeons in acquiring
motor skills required for laparoscopic surgery. In this paper, we conducted exper-
iments on IRAS training system to compare the efficiency between image guided
robot assisted training method and conventional training method. During the test
session, participants who received IRAS training took lesser task time and shorter
trajectory length to complete the tasks. The difference in utilized trajectory length
between the two groups has been found to be statistically significant. We also ap-
plied HMM to characterize and compare the performance of participants and the
surgeon. Group A which received image guided robot assisted training produced
higher average probability of observation sequence as compared to Group B. The
results suggests that the IRAS training system is more effective in transferring motor
skills to the user than that of the conventional training method. As the IRAS train-
ing system is capable in simulating patient specific surgical scenario, this allows the
surgeon to conduct patient specific medical education, especial for cases involving
rare anatomies and/or pathologies. In this study, relatively simple tasks were used
for the evaluation. More complicated scenarios can be constructed for future stud-
ies. Currently, we are conducting another study involving senior medical students
and surgical training using animals.

Acknowledgements This work is partially supported by research grant BEP 102 148 0009,
Image-guided Robotic Assisted Surgical Training from the Agency for Science, Technology and
Research, Singapore. We would like to express our thanks to Ms Zhang Zhuo for her valuable
assistance in statistical analysis.



12 Tao Yang et. al.

References

1. Heemskerk, J., et al., Advantages of advanced laparoscopic systems. Surg Endosc, 2006.
20(5): p. 730-3.

2. Sutherland, L.M., et al., Surgical simulation: a systematic review. Ann Surg, 2006. 243(3): p.
291-300.

3. Wulf, G., C.H. Shea, and C.A. Whitacre, Physical-Guidance Benefits in Learning a Com-plex
Motor Skill, in Journal of Motor Behavior. 1998, Routledge. p. 367-380.

4. Yang, T., et al., Mechanism of a Learning Robot Manipulator for Laparoscopic Surgical Train-
ing, in Intelligent Autonomous Systems 12. 2012, Springer Berlin Heidelberg. p. 17-26.

5. Woodrum, D.T., et al., Construct validity of the LapSim laparoscopic surgical simulator. The
American Journal of Surgery, 2006. 191(1): p. 28-32.

6. Sanchez-Peralta, L.F., et al., Learning curves of basic laparoscopic psychomotor skills in
SINERGIA VR simulator. International Journal of Computer Assisted Radiology and Sur-
gery, 2012. 7(6): p. 881-889.

7. Kho, R.M., Comparison of robotic-assisted laparoscopy versus conventional laparoscopy on
skill acquisition and performance. Clin Obstet Gynecol, 2011. 54(3): p. 376-81.

8. Megali, G., et al., Modelling and Evaluation of Surgical Performance Using Hidden Markov
Models. IEEE Transactions on Biomedical Engineering, 2006. 53(10): p. 1911-1919.

9. Reiley, C.E., E. Plaku, and G.D. Hager. Motion generation of robotic surgical tasks: Learning
from expert demonstrations. in 2010 Annual International Conference of the IEEE Engineer-
ing in Medicine and Biology Society (EMBC), . 2010.

10. Zhou, J., et al. Segmentation of gallbladder from CT images for a surgical training system.
in 2010 3rd International Conference on Biomedical Engineering and Informatics (BMEI), .
2010.

11. Gim Han Law Melvin Eng, C.L., Su Yi, Weimin Huang, Jiayin Zhou, Jiang Liu, Jing Zhang,
Tao Yang, Chee Kong Chui, Stephen Chang Rapid Generation of Patient-Specific Anatomical
Models for Usage in Virtual Environment. Computer Aided Design and Appli-cation, 2011.
8(6): p. 927-938.

12. Rabiner, L. and B. Juang, An introduction to hidden Markov models. ASSP Magazine, IEEE,
1986. 3(1): p. 4-16.

13. Vassiliou, M.C., et al., A global assessment tool for evaluation of intraoperative laparo-scopic
skills. Am J Surg, 2005. 190(1): p. 107-13.


