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Automating Endoscopic Camera Motion for
Teleoperated Minimally Invasive Surgery using
Inverse Reinforcement Learning

-Ankur Agrawal
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Introduction
- Laparoscopic Surgeries

- Robotic Surgeries
- Goals
- CONTRIBUTIONS
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Laparoscopic Surgeries

* Surgeries through small g
incisions using <
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laparoscope/endoscope to
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view on monitor S G
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- Have two surgeons - J —ae
. . . Instrument Laparoscope
operating and assisting (camera
Schematic showing how laparoscopic surgeries are
. . erformed.

¢ ASSIStlng Surgeon gource: Ejhttps://medium.corTV@rahulsinghh/how—is—

laparoscopic-surgery-done-90967cfe2b32]

operates the camera
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Robotic Surgeries

« Surgeons
teleoperate on the
patient

- Uses master-slave
system of robots

- Better ergonomics
for surgeons, wristed e
Instruments, smaller ek sy ptorst wing e s st e
incisions

« Camera controlled by
operating surgeon
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Goals

- Detect intent of the operating surgeon by
classifying task into subtasks.

« Learn optimal camera viewpoints based on this
intent for a pick and place task.
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CONTRIBUTIONS

« Developed a 3D simulated virtual reality environment to pick and
place a ring on a pegq.

« Interfaced the Oculus Rift CV1 with the simulated environment to
give an immersive experience.

- Performed a user study to collect an open source dataset recording
desired camera movements (using Oculus Rift) with the
movements of the master tool manipulator.

« Developing machine learning models for classifying subtask of the
task to know the intent of the user.

« Using inverse reinforcement learning to learn a desired behavior to
automate endoscope based on the demonstrations obtained from
the user study.

« Validating the learned behaviors by comparing the obtained
automated camera trajectory with a human trajectory from the
user study.
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Related Work

- Automation for surgical robots
- Control of endoscopic camera
- Inverse Reinforcement Learning (IRL)
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Automation for surgical robots

b

Smart Tissue Autonomous Robot(STAR) [1],[2] Learning by observation for surgical subtasks [3], [4]
« Supervised autonomous « Uses deep reinforcement learning to
suturing algorithm learn instrument positions for
« Has near-infrared desired tensions
fluorescent (NIRF) imaging
system
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Control of endoscopic camera

« Most common methods of camera automation
include instrument tracking in the video feed [5],

[6], [7]

- In [8], [9], authors use the information of entry
ports and shapes to detect instrument and track
them

« Camera moves according to "rules" by keeping
the centroid of the instruments as its viewpoints
[10], [11]. This work was performed using the
daVinci Research Kit

10 MS Thesis Presentation — Ankur Agrawal Worcester Polytechnic Institute



Control of endoscopic camera

- Eye gaze tracking was used to infer surgeon's attention and
used to move the camera view point to where the surgeon is
gazing [12] for the AESOP endoscope system which can also be
controlled using joysticks or voice commands [13].

- [14] describes a novel bending endoscope that takes the state
of surgery, tools being used into account and decides whether
to follow tools or stay still.

« For camera to be truly intelligent, it needs to be combination of
proactive and reactive elements and needs to know the intent
of the surgeon and react differently according to each intent
[15].
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Inverse Reinforcement Learning
(IRL)

- Introduced by Ng. et. al. learns the rewards using
expert policies or expert trajectories [16].

« Most of the papers in this field validate their
algorithms in two environments: gridworld and
autonomous driving (can be seen from survey in

[17]).

« Parallels can be drawn from autonomous driving
to automatina endoscope.

—
& i
= :
i B /
- ‘ ‘ v ‘
e /‘\\_ passing proximity

tailgating
reward

tailgater

penalty
(SA% IIAYS

Cars \\. reward y
g aggressive

Different rewards for different driving behaviors [18]
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Algorithms used

- Recurrent Neural Networks — LSTM
- Reinforcement Learning

- Markov Decision Process

- Reinforcement Leaning Algorithm

- Inverse Reinforcement Learning

- IRL- Algorithm

- Integrated Algorithm
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Recurrent Neural Networks - LSTM

« Long short term memory (LSTM) [19] networks
are used in sequential data for
classification/prediction.

- Generally used for speech recognition [20].

L .
© ® ©
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Reinforcement Learning

Reinforcement learning — Learning by experience

Autonomous agents learn actions for
different situations based on rewards/penalties
received

Based on Markov Decision Process
Markov Property — Memoryless property
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Markov Decision Process

S : A set of all possible states, s, of the environment, called as State Space.

A : A set of all possible actions, a, that an agent can take, known as Action
Space.

T(s'|s,a) : Transition Probability Matrix, mapping probability of reaching state
s’ given the environment was in state s and an action a was taken by the agent.

R(s,a,s’) : Reward as a function for a particular action a taken in state s and

reaching state s’.

V(s) : Expected total rewards received by visiting this state.

Q(s,a) : Expected total rewards received by visiting this state and performing

m(als) : Probability of taking an action a, given a state s.
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Reinforcement Learning -
Algorithm

Algorithm 1: Reinforcement Learning Algorithm
Input: MDP(S, A, T, R,~)

V(s) < R(s);

for 1 to N do

Q(s,a) + R(s) +v> ., T(s,a,s)V.(s);

BQ(s,a)
m(als) < S moma

V(s) = 2 qm(als)Q(s; a);
6 end
Output: Policy, 7(als)

=W N =

9]
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Inverse Reinforcement Learning

- Sometimes rewards are not easy to define for desired
behaviors

- Trajectories defining behaviors are easily obtainable

« IRL can calculate reward function for given set of expert
trajectories

- Reward function for the given trajectories may not be
unique

- Reward function is written as a linear combination
of feature functions

Ry (s) = Z widi(s)
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Inverse Reinforcement Learning

- Maximizes the likelihood of the given expert
trajectories

P(r|w) o< eftw(™)

W= argmax Z Ry (7) —In Z eftw(T)
‘D‘ TeD
LS 6= 3 Pl
TED sES
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IRL - Algorithm

Algorithm 2: Inverse Reinforcement Learning Algorithm

Input: MDP(S, A, T,~), expert trajectories D = [y, 71, T2, ...|, feature
vectors: ¢ = [¢07 ¢17 ¢27 ]T
Randomly Initialize w = [wg, w1, wo, ...
for 1 to N do
Ra(s) + Sy widh(5);
Calculate 7y (a|s) from Algorithm 1 using Ry (s);
for t < 0 to T do
| () = D0, 2oy mwlals)T (s, a) i (s);
end
Pslw) S5, (s
va L |D| ZTED ¢7‘ o ZSES P(S|U})¢(S),
10 W < W+ nNVyL
11 end
Output: Weights: w, Policy: 7y (als)

]T.

)

© 0 N O Ok W N
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Integrated Algorithm

Intent Intent Class
Classifier

Gripper Policy ) Actions
MTM : >
Motion Data Selector J Change in Joint BN

State ‘ Angles
Converter = State

T

Y Y
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Simulation
- Endoscopic Kinematics

- Gazebo Simulation

- CHAI-3D

- Simulation Environment

- Oculus Interface

- Distortion due to Oculus Lenses
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Endoscope Kinematics

Endoscopic Camera Module

|

mRemote Center of
Motion

 Has 4 degrees of freedom - yaw, pitch, insert and roll.

« Has a remote center of motion mechanism.

« Modified D-H convention used to define forward and inverse
kinematics.
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Gazebo Simulation

« Developed closed loop kinematic
models for Gazebo simulation

« Accurate representation of
the daVinci system

« Used ROS for communications

« Camera plug-ins for the stereo
endoscope feed

« Models were not stable enough
during teleoperation
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CHAI-3D

Open source C++ libraries using OpenGL for
graphics [21].

Can interface with a variety of haptic devices.

daVinci Master Tool Manipulator (MTM) interface
for CHAI-3D was written by Adnan Munawar [22].

Uses BULLET as the physics engine.
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Simulation Environment
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Oculus Interface

Intermediate
Oculus Endoscope
Transforms
Current New Current MNew Current New
Orientation Orientation Orientation Orientation Orientation Orientation
o )< A_,, \_, " ’/
C -]—-nc -

Head tracking data is obtained from IDU and accelerometer data on

the Oculus.
These give the current orientation of the head orientation of the user.

 Mapped to endoscope motion as shown above.

27 MS Thesis Presentation - Ankur Agrawal Worcester Polytechnic Institute



Distortion due to Oculus lenses

Barrel Distortion Pin-cushion Distortion Mo Distortion
(In-Engine) (From Rift Lenses) (Final Observed Image)
A

+ —

« Lenses in Oculus causes distortion in the video feed.
« An inverse distorted video feed should be given to counter this.
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User Study

- User study
- Data Recorded

- Subtasks
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User Study

9 people participated in the study

- 6 male , 3 female

« Most participants had little
exposure to robotic surgery

« They were asked to wear Oculus
Rift and perform a pick and place
task

« The task was to pick up the ring
and place it on the flashing yellow
P€g

« During one exercise, the task was
to be completed 5 times

« Data for 5 exercises was recorded

for each participant
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Data Recorded

Table 5.1: Table describing the variables that were recording during the user study.

Column | Number of Vari- | Description of Variables
Indices | ables

1 1 Real world time calculated using the CPU time.
° D a t a reco rd ed TS h ownh 2 1 lSigl;rljted time calculated using timers from CHAT
here . 3-6 4 Joint Langles of ECM when moved using the head

tracking for oculus (J1, J2, 73, J4)-

* Ob]eCtIVE was to reco rd at 1 7-9 3 Position of the camera frame with respect to the
K H 7 , b ut was reco I"C| ed at a o1 " world frame in simulation (xyz).

Orientation of the camera frame with respect to

mean freq uen Cy Of 7 2 3 H 7. the world frame in simulation (R).

. 19-21 3 Position of the RCM frame of endoscope with re-
U V|d eo fo F eacC h were spect to the world frame in simulation (xyz).
. 22-30 9 Orientation of the RCM frame of endoscope with
reco I"d Ed in .m kV fO rmat at respect to the world frame in simulation (R).
3 O f S 31-33 3 Position of the ring with respect to the world frame
p in simulation (xyz).

° RO S ba g S wWere reco rd ed to 34-36 3 Position of the target peg with respect to the world

frame in simulation (xyz).

ena ble replaY| ng the d ata 37 1 Subtask label assigned live when the exercise was

done (0 or 1 or 2 or 3 or 4).

38-40 3 Position of the gripper tip with respect to the
world frame in the simulation (xyz).

41-49 9 Orientation of the gripper tip with respect to the
world frame in the simulation (R).

50 1 Jaw angle of the gripper.

51 1 Subtask relabeled later using frame by frame anal-

ysis of the video (0 or 1 or 2 or 3 or 4).
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Subtasks

Approaching to pick up ring

Picking up ring

Approaching to place ring

Placing the ring on the peg
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Implementation
- Learning camera view points

- Learning camera view points

- Features
- Validation of Learned Rewards
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Learning camera view points -
State

* State was the gripper
position in the image
frame

« Image frame was scaled to
[-1,1] in X and y axes

« Other state variables were
the velocity represented in
polar coordinates

« State were discretized in
200 grid blocks for x and y n
axis

« Speed was discretized in
steps of 0.01

« Direction was discretized
for every 10 degrees
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Learning Camera View Points -
Actions

- Actions were the change in joint angles of the
endoscope

« 27 total actions :
—J1:{-0.01, 0, 0.01}
—J2: {-0.01, 0, 0.01}
— 13 :{-0.001, 0, 0.01}

« Roll was kept constant due to distortion.

« These were decided based on the data obtained
from the user study.
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Learning Camera View Points -
Trajectories

- Trajectories were obtained by down sampling the
data at 100 Hz

« 274 trajectories for subtask 1 and 2, and 246
for subtask 3 and 4

- Approximately 80% for training and 20% for
validation were used.
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Features

« Total of 12 feature basis functions were used

* O were based on the position of the gripper -
Gaussians centered at {-0.5,0,0.5}

- 3 included position, speed and direction of the
gripper
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Validation of Learned Rewards

« A metric to compare expert trajectories with
automated trajectories was needed.

- A similarity function was defined as:

og:0QxQ — 0,1

TH — [q{{qqu] TA = [qiiqélqél ]

o (a4, 7g) = ¢ V1 i llaf —aill;
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Results
- Classification - LSTM

- Confusion Matrix

- IRL — Convergence

- Reward Function

- Value Function

- Similarity

- Automated camera control
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Classification - LSTM

LSTM layer with 10 neurons were used

Inputs were: gripper position, rotation and jaw
angle

Training accuracy of 74.5% for classification was
obtained.

Test accuracy 71.3%

Results show no overfitting and good
generalization
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Classification - LSTM

0.75

model accuracy

— train
0.70| — validation

WWWMW
N Y U T IR

0.65
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0.30
0

50
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Confusion Matrix

Confusion Matrix
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IRL - Convergence

| Rewards

]

™

Tot:

5000 4

4000

3000

2000

1000

4000

Subtask 1

4
Iterations

Subtask 3

6
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Reward Function

Iterations
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Value Function

v
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Value Function - Varying Speed
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Value Function - Varying Direction
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Similarity

Similarity between
automated and
expert trajectories
Unseen files by the
algorithm
Similarity metric
defined earlier.
Mean Similarity :
94.68%

o oo
B Oy

Angle(radian)
Sboooo
N o= O = NW

Distance(cm)
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Automated Camera Control

SUBTASK: Unknown action

MODE: CAM_CLUTCH_CONTROL :
CPU Time: 1.8120 s / Simulation Time: 1.8035 s
‘G}aphic Update: 191 Hz / Haptic Update: 742 Hz
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Conclusion
- Conclusion

- Future Work
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Conclusion

« The approach presented in this thesis successfully
automated endoscopic camera motion.

« Surgeon's intent was obtained from identifying
the subtask.

- Automated camera motion was dependent on this
subtask and the motion of the gripper.

 The camera did not only track the gripper
motion but also was able to look ahead and show
objects of importance in the environment.

- In conclusion, the thesis presented an approach
in achieving an intelligent camera control.
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Future Work

- Increase the accuracy of classification.
- Implement the algorithm on the hardware.

- Extend the approach presented to other tasks
such as suturing, needle passing which are more
dependent on camera views.

« Collect data from expert surgeons in a more
realistic environment of surgery.

- If same approach can be extended to other tasks,
these tasks then can be combined to achieve
automation for the whole surgical procedure.
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