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Abstract—1In this study, we present an implementation
strategy for a robot that performs peg transfer tasks in
Fundamentals of Laparoscopic Surgery (FLS) via imitation
learning, aimed at the development of an autonomous robot
for laparoscopic surgery. Robotic laparoscopic surgery presents
two main challenges: (1) the need to manipulate forceps using
ports established on the body surface as fulcrums, and (2)
difficulty in perceiving depth information when working with
a monocular camera that displays its images on a monitor.
Especially, regarding issue (2), most prior research has assumed
the availability of depth images or models of a target to
be operated on. Therefore, in this study, we achieve more
accurate imitation learning with only monocular images by
extracting motion constraints from one exemplary motion of
skilled operators, collecting data based on these constraints,
and conducting imitation learning based on the collected data.
We implemented an overall system using two Franka Emika
Panda Robot Arms and validated its effectiveness.

I. INTRODUCTION

Laparoscopy is a minimally invasive surgical procedure
with less scarring and less postoperative pain compared to
laparotomy [1], which is highly intriguing as an example of
a non-repetitive task required in scientific experiments. In
this study, we aim to develop a robot that can perform this
laparoscopic surgery autonomously via imitation learning.
The nature of laparoscopic surgery, in which an endoscope
and forceps are inserted into ports on the body surface,
imposes several constraints on the movements of the operator
and the robot. They are roughly divided into problem (1) and
(2) as shown in Fig. 1: (1) it is necessary to move the forceps
using the laparoscopic ports as fulcrums so as not to put
load on the ports, and (2) it is difficult to perceive the depth
information because images captured by the endoscope are
being viewed through a monitor. In this study, we introduce
an implementation strategy of a laparoscopic surgical robot
that solves these two problems. As a target task, we han-
dle the peg transfer task in Fundamentals of Laparoscopic
Surgery (FLS), which is known as an effective training for
laparoscopic surgery [2]. While FLS significantly simplifies
the actual environment, it captures the overall characteristics
of laparoscopic surgery, and we believe that the insights
gained here can be effectively utilized.

We introduce several related works. [3] has developed a
motion planning method for a suturing surgical robot based
on RRT-connect [4] and multiple primitive motions. [5]
has discussed a needle guide mechanism and its trajectory

L The authors are with the Department of Mechano-Informatics, Graduate
School of Information Science and Technology, The University of Tokyo,
7-3-1 Hongo, Bunkyo-ku, Tokyo, 113-8656, Japan. [kawaharazuka, k-
okada, inaba] @jsk.t.u-tokyo.ac.jp

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

(1) Constraints by
Laparoscopic Ports

Fundamentals of Laparoscopic Surgery (FLS)
Peg Transfer Task by Robot Arms

=]
(2) RGB info fromrEndoscope

F ..

S

Fig. 1. The concept of this study: regarding peg transfer tasks in
Fundamentals of Laparoscopic Surgery (FLS) for robots using imitation
learning, we handle two main problems: (1) the forceps are constrained by
laparoscopic ports and (2) only RGB information can be obtained from a
monocular endoscope.

optimization for a suturing surgical robot. [6] has proposed
a calibration method of da Vinci Research Kit (dVRK) [7]
and performed an autonomous debridgment based on stereo
image and edge recognition. [8], [9] have discussed surgical
action segmentation, and [9] has performed autonomous
task execution using the segmentation and model predictive
control. In recent years, the application of deep learning to
surgical robots has been expanding [10]. [11] has success-
fully performed a series of laparoscopic surgeries using deep
learning-based tissue motion tracking and motion planning.
[12] has proposed a method for surgical pattern cutting
by applying tension to the gauze based on reinforcement
learning. [13] has proposed an eye surgery method using
imitation learning. On the other hand, most of them are based
on the assumption that a depth image or a model of the target
is available. Of course, there are stereoscopic endoscopes,
but the basic technique is still based on a monocular image
projected on a monitor. The purpose of this study is to
address the problems unique to laparoscopic surgery, and
to improve the autonomy of the robot based on imitation
learning. In particular, we propose and discuss a constrained
imitation learning, which solves the difficulty in recognizing
depth direction due to monocular images by generating
constraints based on a single exemplary demonstration. This
is a new approach that does not devise a learning method but
devises its data collection based on the extracted constraints,
and we show that this approach is useful for laparoscopic
surgery. Our contributions are as follows.

o A constrained imitation learning method that collects
data with extracted constraints from a single exemplary
demonstration and trains a predictive model.

o An overall setup of a laparoscopic surgery robot sys-
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Fig. 2. The setup for robotic peg transfer tasks in Fundamentals of Laparoscopic Surgery. Franka Emika Panda Robot Arms are operated by Touch Haptic
Device (3D Systems Corp.). Maryland Dissectors are controlled via Hand Adapter and Parallel Gripper to transfer Rubber Object on Peg Board.

tem and control architecture that can perform the peg
transfer task in FLS.

This study is organized as follows. In Section II, we
describe the task to be performed, the robot configuration, the
experimental environment, inverse kinematics considering
constraints on body surface ports, and imitation learning us-
ing the data collected considering constraints generated from
one exemplary demonstration. In Section III, we describe
experiments of constraint generation from one exemplary
demonstration, data collection for the peg transfer task with
the generated constraints, and the peg transfer experiment
based on imitation learning. In Section IV, we discuss
the experimental results and limitations of this study, and
conclude in Section V.

II. FUNDAMENTALS OF LAPAROSCOPIC SURGERY FOR
ROBOTS WITH CONSTRAINED IMITATION LEARNING

A. Fundamentals of Laparoscopic Surgery for Robots

The overall setup of this study is shown in Fig. 2. The
robots used in this study are two Franka Emika Panda Robot
Arms. A FLS box training kit is placed in front of the robots.
A Maryland Dissector is attached to each hand of the robot
via a Hand Adapter. A parallel gripper is used to open and
close the forceps, and the rotation of forceps in the long axis
direction is fixed. The forceps pass through the ports of the
box training kit, and rubber object is operated on peg board.
Similarly, an endoscope passes through the port and projects
the image of the entire peg board on a monitor. Although
a peg transfer task is originally performed by moving each
rubber object stuck to the six pegs, as a simpler setup, the
task in this study is to insert a rubber object stuck to one
of the three pegs into the single left peg on the right side
from the robot’s viewpoint. Two Touch Haptic Devices (3D
Systems Corp.) are prepared in front of the monitor for
demonstration by experts. The haptic devices can send the
target positions of the tips of the forceps to the robot, and
at the same time, the forces received by the robot can be
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Fig. 3. The configuration to control forceps considering the constraint by
a laparoscopic port. The left figure shows a geometric model of robot arms,
and the right figure shows the kinematics of forceps with a virtual linear
joint from the tip of the hand that overlaps with the long axis of the forceps.
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reflected to the haptic devices. Note that bilateral control is
not performed due to the limitation of the body surface ports
and the significant difference in the structure of Touch Haptic
Device and Panda Robot Arm.

B. Constrained Inverse
Surgery

Kinematics for Laparoscopic

In laparoscopic surgery, the robot needs to solve inverse
kinematics with body surface port constraints. Although a
human can sense the constraint appropriately by sensing the
force received from the port, it is difficult to do so with
the force resolution of Panda Robot Arm and Touch Haptic
Device. Therefore, we determine the position of the body
surface port in advance and apply the constraint to motion
generation. Fig. 3 shows a geometric model of the robot and
its constraints. Let x4 denote the coordinate of the robot
hand, & ,rccp denote the tip of the Maryland Dissector, and
Tpore denote the position of the body surface port. Here, the
forceps not only rotate but also move in the direction of its
long axis, for a total of three degrees of freedom. In order to
take this constraint into account, we add a virtual linear joint
from the tip of the hand that overlaps with the long axis of
the forceps. Let &,;-tuqr be the tip of this virtual joint. That
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where 0 is the joint angle of the robot arm and 0;,1yq; 1S
the angle of the virtual linear joint.

From now on, the right and left hands are represented in
forms such as Thand—ieft and T forcep—right. It may also
be expressed in forms such as Zpand—right and z;ifcep_le ft
by setting 2™ (x Y z) Note that solving this problem
can also be achieved through prioritized inverse kinematics
or optimization methods.

C. Constrained Data Collection and Imitation Learning

In order to generate robot motions by imitation learning,
we collect human teaching data using haptic devices. How-
ever, it is challenging to manipulate the forceps successfully
because it is difficult to obtain the depth information. There-
fore, we extract constraints on the movement of the forceps
from the trajectory of a single slow and accurate exemplary
demonstration, and incorporate them to improve the quality
of the teaching data and the accuracy of imitation learning.
The procedure is as follows.

1y

2)

Describe a phase transition condition
Extract motion constraints pertaining to each phase
from a single exemplary demonstration
Collect data by human teaching with force feedback
based on the constraints

4) Execute imitation learning based on the collected data
Note that this method is not limited to the FLS task, but
can be applied to any task by changing the phase transition
condition and motion constraint extraction.

1) Since motion constraint depends on the motion, a long
motion must be divided into phases. Therefore, we describe

3)
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the condition S under which the phase transition or the
change in motion constraint occurs. As an example, let us
consider the following motions: aligning the forceps to a
position slightly above the rubber object, then lowering the
forceps, grasping the object, and lifting it up. Here, in order
to align the forceps to a position slightly above the object,
we can apply a minimum constraint to the z direction after
aligning the forceps to the xy direction. In the subsequent
motion of lowering the forceps, the minimum value of z
is lowered without changing the xy position, and the rubber
object becomes graspable. The transition of z;?;cep is shown
in Fig. 4. Here, the phase transition condition can be, for
example, the opening and closing of the forceps, or the
convergence of the motion. That is, if the velocity of =
remains small for a certain period of time, it is judged that the
positioning has converged and moves on to the next phase,
and if a grasping motion occurs, it is judged that the gripper
is ready for a lifting motion and moves on to the next phase.
Other phase transition conditions can be described in any
form, such as the change in distance between the two forceps,
reversal of its velocity, state change in the buttons of haptic
devices, and so on.

2) Assuming that a single exemplary demonstration is
obtained, it is divided into N¢ phases by the condition S in
1). From the demonstration in phase ¢, we extract a motion
constraint C; in phase i (1 < ¢ < Ng). Let us consider
the same example as in 1) shown in Fig. 4. In this case,
the maximum and minimum value constraints are effective.
When 2¢¢ 1,2y in Fig. 4 is obtained from demonstration, the

constraints on 2%c7 . in each phase can be described as
follows.
Cir:z < z}i{cep < 2 2)
Co:zg < z}i{cep <z )
Cs:29 < Z;Z{mp < 29 4)

Of course, constraints can be imposed on z and y as well,
but given the difficulty in recognizing the depth information,
constraints on z are the most appropriate. It is possible to
extract arbitrary constraints such as the distance between two
forceps, the velocity of the forceps, and so on.

3) We incorporate the constraints obtained in 2) into the
human teaching as force feedback to the haptic device. For
example, if the constraints of Eq. (2) are obtained, the force
feedback can be described as follows,
ref

ref

F. = kp(zl - Zforcep) if Zforcep <z (5)
I N I T A S
p\~2 forcep forcep 2

where F. is the feedback force of the haptic device in
the z direction and k, is a proportionality constant. This
corresponds to applying a feedback control that prevents z
from deviating from the range of z; and z,. It is possible
to incorporate different constraints by force feedback to F,
and F}, in the same way. After adding these constraints, data
is collected by human teaching.

4) Imitation learning is performed based on the collected
data. To consider various motion speeds and styles in the



Fig. 5. One exemplary demonstration of peg transfer. The upper figures show the human teaching with haptic devices, the middle figures show the motion
of robot arms, and the lower figures show the endoscopic image. Each figure represents the image when there is a phase transition.

human teaching, we use a learnable network input variable
called parametric bias [14], [15]. The following predictive
model-type network is trained,

(6)

where t is the current time step, s is the sensor state, u
is the control input, p is the parametric bias, and f is the
prediction model. In this study, s is & (€ R'?), which is the
image information compressed through AutoEncoder [16].
For u, we use the target values of the left and right forcep-
tips m;f){cep_{leftﬂght} (€ RY) and the opening and closing
state of the forceps hyics rignty (€ {0,1}?). These data
points are acquired at 10 Hz.

For one demonstration k, we obtain the data Dy
{(317u1)7 (82771'2)’ T (sTk?uTk)} (1 < k < K, where K
is the total number of demonstrations and 7}, is the number
of time steps for the demonstration k). Then, we create
the data Dipain = {(D1,p1), (D2, p2),--- ,(Dk,pk)} for
training. pr (1 < k < K) is parametric bias, a learnable
input variable for the demonstration &, and the human motion
style is self-organized in this space. Using Dyyqipn, We train
Recurrent Neural Network with Parametric Bias (RNNPB)
by simultaneously updating the network weight W and each
pi- The loss function is a mean squared error, and each py
is optimized with an initial value of 0. The execution of the
task is simple: the current sensor state s; and the control
input u, are obtained, w4 is obtained by calculating Eq.
(6), and w4 is repeatedly commanded to the actual robot.
For h, the forceps is closed when the value exceeds 0.5, and
opened when the value falls below 0.5. It should be noted
that during task execution, p can be arbitrarily set, allowing
for variations in motion style [15].

RNNPB consists of 10 layers, which are 4 fully-connected
layers, 2 LSTM [17] layers, and 4 fully-connected layers, in
order. For the number of units, we set {N,, + N + N,, 500,
300, 100, 100 (number of units in LSTM), 100 (number
of units in LSTM), 100, 300, 500, N,, + N} (note that
Niy,sp} is the number of dimensions of {u,s,p}). The
activation function is hyperbolic tangent, and the update

(8t+1,ut11) = f(8¢,ut, p)

609

20 phase 1 phase 3 phase 5 phase 7
1
60 A [phaseél‘ [phase 6] [phase 8§
50 -
§ 40 - ""__f
SE
{‘N& 30
20 A
10 { — Left Arm \
0 — Right Arm
1 T ]
<] [ | ]
0+ —— T 0 T t
Iy
5% M mﬁ-@_ lﬁ‘
S
S 0 ﬁm&qﬂn_
~ 20
S |
L Y N LA

0 20 40

Time [sec]

60 80

ref

Fig. 6. The transition of z , h,and v ¢ ocepp Of the left and right arms,
o forcep N f P~

and the transition of Ns¢op for constraint generation from one exemplary

demonstration of peg transfer.

rule is Adam [18]. Regarding image compression, for an
RGB image of 128 x 96, convolutional layers of kernel
size 3 and stride 2 are applied 5 times, and the number
of units is reduced to 1024 and 12 by the fully-connected
layers, and then the image is reconstructed by the fully-
connected layers and the deconvolutional layers in the same
manner. Batch normalization [19] is applied except to the last
layer. The activation function is ReLU [20] except for the
last layer, which uses Sigmoid. During the training process,
random noises are added to the data (improved version of
[21]). For (s” uT)T, we compute the difference from the
previous step and obtain its covariance 3. Random numbers
following a multivariate normal distribution with mean 0 and
covariance 0.3%2X is added to the data in each step.

III. EXPERIMENTS

A. Data Collection

First, we make a single exemplary demonstration. In this
study, we describe the transition condition S and the motion
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constraint C; in the same way as in the example of Section
II-C (Fig. 4). For S, when the state where L2 norm of the
forcep-tip velocity viorcep = ||€forcep||2 is less than 1.0
regarding both right and left forceps continues for IV, ;fo’;
steps, or when the opening/closing state h of either left or
right forceps changes, the phase is transitioned. Let Ny,
be the number of consecutive steps in the state where
Vforcep < 1.0 regarding both forceps. We set N‘ffo’;f
20 when generating constraints and N, ﬁfg}f = 10 when
actually collecting data with the generated constraints. When
generating the constraints, the motion itself is not used for
learning, so it does not matter how slowly the robot is moved
for the single exemplary demonstration. The robot should be
moved carefully in the z direction in particular. For C}, the
maximum and minimum values of z;?:cep for the left and
right forceps are obtained from the start and end points of the
motion in phase ¢. Since the minimum and maximum values
are calculated from the start and end points of the motion
phase, we only need to be aware of the phase transition even
if the overall motion is unsteady. The phase transition can be
viewed visually on the monitor. The demonstration is shown
in Fig. 5. The transition of z;‘;{cep, h, and vopcep Of the
left and right forceps, and the transition of N, are shown
in Fig. 6. First, we approach the peg in which the rubber
object is stuck, aim at the top of the rubber object, grasp it
by lowering the right forceps, and lift it up. Next, the left
forceps is aimed at the top of the rubber object when it is
at the center of the peg board, the left forceps is lowered
to grasp it, and the right forceps releases the rubber object.
Finally, we aim at the top of the left peg, lower the left
forceps and put the rubber object into the peg, then release
it and return to the original position. Ny, increases when
Vforcep Of the left and right forceps approaches 0, and the

phase shifts when N, reaches N, ;{LO’:. The phase is also
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shifted each time h changes. In the end, N = 8 phases were
generated. From the motion at each phase, the constraint of
z}iicep and the force feedback law based on the constraint
are automatically generated.

Next, we collected data for actual imitation learning. The
robot performed the action of transferring a rubber object
from the right peg to the left peg, for each of the three pegs
on the right side, four times each, totaling 12 trials. During
this process, data was collected for both constrained data
collection (Constrained), where the action was constrained by
force feedback, and normal data collection (Normal) without
any constraints. The trajectories of z}if cep—{leftright) 10T
the 12 trials are shown in Fig. 7. For both hands, Constrained
shows more stable and consistently close values for z;?r‘cep
compared to Normal in each trial. The average variance oy,
for Constrained is 5.65 for the left arm and 2.74 for the right
arm, whereas for Normal, it is 6.56 for the left arm and
4.78 for the right arm. Imposing minimum and maximum
constraints on the z-directional movement allows for stable

data collection.

B. Task Execution with Imitation Learning

Imitation learning was performed using the 12 sets of data
collected in Section III-A. The actual task execution using
imitation learning with constrained data collection is shown
in Fig. 8. Even when the peg that the rubber object is put
on is changed in turn, the robot is able to grasp, deliver, and
insert the rubber object appropriately. Although the position
and the way of holding the rubber object are different in
each case, the delivery of the rubber object is successful in
all cases.

Next, we compared the imitation learnings based on Con-
strained and Normal data collection. We conducted a total of
15 experiments, in which the rubber object in each peg was
transferred 5 times each. The number of successful cases of
(1) taking the rubber object from a peg, (ii) passing the rubber
object from the right forceps to the left, and (iii) inserting
the rubber object into a peg are shown in Fig. 9. In imitation
learning based on Constrained data collection, all operations
except for the last insertion have succeeded, and the success
rate is very high. On the other hand, in imitation learning
based on Normal data collection, there were many cases
where the peg was not grasped properly at (i), and the success
rate is lower compared to using Constrained data collection.
Although the peg’s position remains consistent between data
collection and this experiment, it is found that the success
rate of imitation learning varies significantly depending on
the presence or absence of the Constrained data collection.

In addition, for the data of imitation learning based on
Constrained and Normal data collection, where the peg that
the rubber object is put on is changed in turn, we applied
Principle Component Analysis (PCA) to LSTM’s latent space
and visualized the results in two dimensions in Fig. 10. In
both cases, we observed that the latent space evolves in
the order of (i) take, (ii) pass, and (iii) insert. Regarding
(1), with Constrained data collection, the trajectories of the
latent space are distinct for each of the three pegs. However,
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with Normal data collection, they closely follow the same
trajectory. Also, (ii) should exhibit variations in movements
depending on how the rubber object is held and where it is
passed to, and (iii) should mostly result in similar movements
since there is only one peg available. These characteristics
are more evident with Constrained data collection, while they
are less pronounced with Normal data collection.

IV. DISCUSSION

In this study, we have extracted phase-specific motion
constraints from a single exemplary demonstration, and con-
structed force feedback based on the constraints to overcome
the difficulty of motion in the depth direction, especially for
a monocular camera. The introduction of motion constraints
enables more stable data collection. Imitation learning with
the constrained data collection is more stable than imitation
learning with the unconstrained data collection, and is able
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Peg transfer experiment using imitation learning trained by data obtained with constrained data collection.

to realize the peg transfer task with higher accuracy.

We discuss the limitations and future prospects of this
study. First, it is necessary for humans to appropriately
determine which variables to examine for the phase transition
and which constraints to generate for each variable. Although
this idea itself can be used for various tasks, we believe that
the scope of application will be expanded if the system can
autonomously determine the phase transition and the form
of constraints depending on the task. This is a similar idea
to the discovery of the knacks [22]. In the future, we would
like to develop a robot that can grow autonomously. Second,
in reality, the approach to the inside of the stomach, which is
a place with considerable individual differences and gradual
changes, requires a more adaptive robot system. Since the
current setup is too constrained to operate inside of the
stomach, for example, it would be better to apply a constraint
only on the distance between the two forceps. There is also
the issue of whether the constraints can be determined from a
single exemplary demonstration, and further study is needed.
Our idea is very simple but effective and can also be used
in other fields outside surgery in the future.

V. CONCLUSION

In this study, we proposed a method to perform the
peg transfer task in Fundamentals of Laparoscopic Surgery
(FLS) as a setup toward robotic laparoscopic surgery. We
developed an overall system which includes two robots with
forceps, two haptic devices, and control architecture based
on constrained inverse kinematics and constrained imitation
learning. In particular, constrained imitation learning allows
for easy data collection and precise control using only
monocular images, without the need for depth images or
models of a target to be operated on. By first generating
minimum and maximum constraints for the forceps depth
from single exemplary demonstration and collecting data
using these constraints for imitation learning, it is possible
to easily perform the peg transfer task with higher accuracy.
The idea of automatic extraction of motion constraints can
be utilized for various robots, tasks, and environments.
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