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Abstract— Cataract is the leading cause of blindness world-
wide with an increasing number of patients due to changing
demographics, making automation an important part in future
surgical treatment. In this work, we focus on a substep of
cataract surgery, the Continuous Curvilinear Capsulorhexis
(CCC). With a high complexity, this task is an ideal candi-
date for Reinforcement Learning (RL) in simulation. First,
we present an interactive and physically realistic simulation
based on the Finite Element Method (FEM) that mimics the
tearing behavior of soft tissue during CCC. Then, we train
and evaluate RL models in simulation, demonstrating that the
trained policies can complete the CCC in 85 % of cases. We also
show that applying domain randomization techniques make
the policy more robust against changes in geometrical and
biomechanical boundary conditions.

I. INTRODUCTION

Cataract is a common eye condition characterized by a
clouded lens that results in reduced vision. It is the leading
cause of blindness worldwide [1] and is treated by surgery.
To restore clear vision, the clouded lens is removed and
replaced with an artificial lens through a small incision
in the cornea. The lens is located in the lens capsule, a
thin, transparent, elastic membrane. To gain access to the
lens, a circular opening is made on the anterior side of the
capsule (capsulotomy). Once the clouded lens is removed,
an artificial lens is inserted.

Age is the most significant risk factor for cataract, with
70 % of individuals over the age of 80 being affected [2]. Due
to demographic change and increased life expectancy, the
number of individuals aged 80 years and older is anticipated
to triple from 2020 to 2050 [3]. To address the increasing
number of patients, improved accessibility through effective
cataract surgery is required, including computer-assisted and
automated surgical techniques. In this work, we focus on the
instrument trajectory prediction for the continuous curvilin-
ear capsulorhexis (CCC), a capsulotomy technique which
creates the circular opening by grasping and tearing the lens
capsule material with a specialized needle or forceps. CCC is
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Fig. 1: CCC in simulation and robot-guided CCC on phan-
tom eye. Phases of CCC: (i) Initial state with opening of
the capsule bag created with an initial cut from center
to periphery; (ii) circular propagation of the capsule bag
opening by grasping and tearing the flap; (iii) instrument
tip attached to flap closer to the tear point after regrasp; (iv)
further propagation and regrasping until an opening of 270°
is reached. On the close up, the optimum tear line (green
circle) with a radius of 2.75mm is shown. We define the
tear point as the last point along the tear line in tearing
direction. Experimental setup: With a needle mounted on
the endeffector of the Meca500® robotic manipulator, the
artificial capsule bag foil (red) is grasped and torn.

considered one of the most difficult steps in cataract surgery.
The complex, indirect tearing behavior of the delicate elastic
capsule material and the limited working space within the
anterior eye chamber make CCC a challenging task to
learn. Especially young surgeons with little experience often
struggle to perform the tearing under non-optimal conditions
[4]. Yet, well-defined success and failure parameters render
the procedure a suitable candidate for automation. The main
requirements of the lens capsule opening are its circularity
with a diameter between 5—6mm and its location at the
center of the pupil.
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To address automation in ophthalmology, various robotic
platforms have been proposed. While initial studies show that
robotic platforms require more time to perform a given eye
surgery task [5], they can provide more safety and accuracy
than a human [6]. Typical robotic applications in eye surgery
are teleoperation with the daVinci system [7], or custom
teleoperation robots [8], [9]. Teleoperating systems can help
reduce the surgeons hand tremor due to motion scaling [8],
[10], [11], [12], [13]. In one instance, a robot has also been
designed to reduce the vibrations in the operation room [14].
Other systems focus on the co-operation between surgeon
and robot on retinal endovascular surgery [15] and sub-retinal
drug delivery [16].

To automate delicate tasks similar to CCC, reinforcement
learning (RL) is considered promising. The main drawback
of RL in the surgical setting is its substantial demand
for real-world data which is virtually impossible to obtain,
necessitating the use of training simulations. These often
focus on specific scenarios like soft tissue manipulation
[17], tissue retraction [18], [19] and cutting [20], [21], [22],
laparoscopic tasks [23] or specific surgical robots like the
daVinci system [24].

For cataract surgery, few robotic or automated assistance
has been shown. Several learning-based algorithms have been
proposed to grade and detect cataract [25], [26]. Notable
exceptions are the IRISS system for automated lens extrac-
tion [27], [28] and the Femtosecond laser-assisted cataract
surgery (FLACS) method for CCC [29], [30]. While initial
results for FLACS look promising [29], [31], this method is
much more expensive than conventional CCC [32], requires
specialized laser-instruments and surgical training [29], [31],
and produces weaker cuts [33]. For the automation of the
CCC, the definition of an analytical tissue model for the
complex tearing behavior of soft tissue is not trivial. Minor
variations in the movement of the surgical instrument or the
boundary conditions (e.g., the geometry and biomechanical
characteristics of the lens capsule) lead to major changes in
the tear propagation. This facilitates the need for a machine-
learning solution, which can adapt to patient-specific bound-
ary conditions while performing the operation. However, a
suitable set of training data covering a large range of tearing
behavior is not available. To overcome the lack of data and
to address the need for decision-making based on the current
state of the scene, RL in simulation is suited. This requires
an interactive simulation of the tearing caused by instrument-
tissue-interactions during the CCC.

Simulations of the CCC are also used in surgical sim-
ulators to support the training of young surgeons. Con-
ventional mass spring models have been investigated to
replicate the capsule behavior [34], [35], [36], [37], [38],
[39]. Although these models offer fast computation and
real-time capabilities, accurate representation of the physical
behavior is challenging due to significant simplifications of
the represented capsular tissue.

An alternative are Finite-Element Method (FEM) models,
which model the underlying differential equations to cor-
rectly predict tissue physics. These models are usually com-
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Fig. 2: (a) The tip of the (virtual) instrument is marked with a
blue dot. The thin green line visualizes the stiff spring that is
used to model the attachment of the instrument to the capsule
bag surface. (b) Comparison of tearing by removal and
tearing by cutting. (c) Calculation of the next propagation
direction. The current end point of the tear is highlighted
in magenta, the main FEM triangle to tear in yellow. The
maximum principal stress (green arrow) is projected onto
the plane of the main triangle (orange vector). Then, the
orthogonal direction to this projected vector is found in the
neutral plane (red vector). Finally, the orthogonal direction
is rotated by a predetermined angle (blue vector). (d) Effect
of topology change during tearing: The yellow and its
neighboring mesh elements are remeshed after the tearing
step.

putationally expensive and not real-time capable. However,
they have been shown useful for haptic simulations [40]. For
CCC, a model based on anisotropic tear propagation has been
proposed in [41], [42] and a complete FEM 3D eye model
has been ported to GPU in [43].

Fig. 1 gives an overview of our tearing simulation and
experimental setup. In this paper, we present a novel RL
training scenario for CCC instrument trajectories. We extend
the Simulation Open Framework Architecture (SOFA) frame-
work with a soft-tissue tearing simulation, provide a training
policy integrated into LapGym [23] and demonstrate that a
RL agent can learn and control indirect soft tissue tearing
in a simulated environment. We also show that Domain
Randomization (DR) is a necessary step for training CCC.

II. TRAINING AND EVALUATION ENVIRONMENT

To train and evaluate our approach, we rely on a simulation
which provides a safe and controlled environment for the
RL agent to learn. To ensure that our simulation accurately
reflects the physical world, we compare the tearing behavior
of the simulation with the tearing behavior of a phantom eye.

A. Phantom Eye

We use the SimuloRhexis® phantom eye (SimulEYE®,
Westlake CA) as a physical model on a custom holder for
CCC (Fig. 1, right side). It is designed for training sur-
geons on capsulorhexis techniques and serves as a validation
platform for our tearing simulation. The phantom eye is
comprised of a circular-shaped foil that simulates the capsule
bag and has similar tearing characteristics to human capsular
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bags. The foil is placed on top of a flatbed of clay. This acts
both as a (semi-) solid surface to prevent gravity from acting
on the foil while also mimicking the more dense, but still
elastic, lens material. To imitate the forces applied from the
zonular fibers to the outer borders of the lens capsule, the
foil is clamped with a ring to the holder.

B. Tearing Simulation

1) Lens Capsule Model: We generate a simulated envi-
ronment for CCC tearing in SOFA [44] which is based on
co-rotational FEM to enable large-deformation handling [45].
The anterior lens capsule is modeled with a circular and
plane 2D membrane mesh of triangles that can be moved
and deformed out-of-plane using linear shape functions for
the displacements.

We integrate material parameters of human eyes to provide
a realistic tearing behavior in simulation. Due to limited
information in literature, we estimate the density of the
human lens capsule based on the mass density of collagen,
the main component of the lens capsule, which is approx-
imately 1.5g/cm?® [46]. With a diameter of 10 mm and a
maximum thickness of 21 um, the mass is approximately
2.5 mg. Due to the piece-wise linear stress-strain relationship
of the capsule material [47], we use a linear elastic model in
our simulation. The Young’s modulus is 5N/mm?, which
is within the range of values provided in literature [47],
[48]. In a real (human) eye, the capsular bag is attached
to the zonular fibers, which elastically fixate the lens. In
our simulation model, we simplify the capsule fixation by
applying positional constraints to the border nodes of our
mesh. To replicate the lens material below the capsule bag, a
force field of 100 N/mm is applied, pushing against the mesh
and negating gravity. While this does not model a complete
lens, it provides a similar elastic force feedback as surgeons
would experience within a real human eye. In a human eye,
the capsule adheres to the lens cortex and requires a small
force to be lifted. We model this adhesion as a planar force
field of 5 N/mm slightly above the mesh of the capsule bag,
pointing in the direction of the mesh. Thus, if a node is
below the force field, it is pushed downwards and can only
move freely once above. As the capsule is modeled by a 2D
mesh, two neighboring triangles can be rotated around their
common edge without any elastic resistance to such bending.
To include a bending stiffness, we add linear springs between
the mesh nodes that oppose bending. We also include linear
dampers between the nodes to account for the viscoelastic
properties of the lens capsule.

2) Surgical Instrument Model: We simulate the surgical
instrument as a single point in space, which is attached to a
mesh node by a stiff spring as shown in Fig. 2 (a).

3) Tearing: When the instrument is maneuvered during
CCC, the attached flap causes the capsule material to undergo
deformation resulting in stress within the mesh elements. If
the stress exceeds a certain threshold, the material is torn.
We employ the von Mises stress criterion, which balances
the considerations between tearing from normal stresses and
tearing from shear stresses. For our simulation, the von

Fig. 3: Validation of the tearing simulation. Starting with the
initial flap grasped with a cystotome, five robot-guided tool
tip trajectories (A-E) are performed on the SimuloRhexis®
phantom eye (top row) and in simulation (bottom row),
starting with the initial flap grasped by a cystotome.

Mises stress threshold is set to 3.2N/ mm?2, similar to values
provided in [47]. Instead of removing a whole element
from the mesh if the tear threshold is exceeded (fearing by
removal), tearing by cutting is implemented, see Fig. 2 (b).
In each forward step of the simulation, it is determined if and
how the tear propagates. The propagation is characterized by
the direction and the length of the tear in the next time step
of the simulation. To determine the direction, the following
steps, cf. Fig. 2 (c), are performed: First, the principal stress
direction of the triangle with maximum stress is projected
onto the plane of the main FEM triangle, which is the mesh
element in the direction of the previous propagation vector.
Then, we determine the orthogonal direction of this projected
vector in the default plane of the mesh to account for
normal stresses. Shear stresses are considered by rotating the
orthogonal direction by an angle of 40° in the same plane. By
averaging the resulting vector with the previous propagation
direction, we incorporate tear direction continuity. Along the
calculated propagation direction, a straight incision is made
with a predetermined length. The incision causes a remesh
to accommodate the change in the mesh topology, as shown
in 2 (d).

C. Validation of the Tearing Simulation

We verify the accuracy of the tearing simulation by
comparing the simulated tearing behavior with the tearing
behavior observed in the SimuloRhexis® phantom eye.

To conduct defined and repeatable instrument movements
on the phantom eye, a surgical needle (cystotome) is mounted
on and controlled by the Meca500® robotic manipulator
(MECADEMIC®, Canada). Simplifying the experiment, the
cornea of the phantom eye is removed to ease accessibility
to the foil.

For evaluation, a small initial cut is made into the foil
and propagated to create the initial flap, the starting point
for tearing. Five tearing trajectories are performed, with the
capsule flap grasped by the instrument. The same orientation
of the cystotome is maintained over the complete trajectory.
For three of the trajectories, the instrument is moved on
a straight line of 4mm, with different angles relative to
the initial cut. The fourth trajectory consists of a circular
instrument tip motion until it reaches an angle of 180°
relative to the initial cut. The last trajectory is a combination
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of both, a circular and a straight-line movement. The tearing
experiments are recorded in a top-down view with the built-
in camera of a surgical microscope (ARTEVO 700, Carl
Zeiss AG). For a side-by-side analysis, identical trajectories
are executed in the SOFA simulation, and the shapes of the
capsule bag tears are compared. Fig. 3 shows results.

To ensure comparability between initial conditions of the
tearing experiments in reality and simulation, we average
all initial flap openings from the SimuloRhexis® phantom
eye experiments. The averaged flap opening geometry is
then transferred to the simulation for all experiments. A
predetermined mesh node serves as the first grasping point.

We use the Root Mean Squared Error (RMSE) to compare
the radius of the tear line in the simulation with that in the
real world (relative to the center of the lens capsule, sampled
at intervals of 0.1°). The average deviation between the tear
lines in simulation and the SimuloRhexis® phantom eye is
0.13mm (RMSE), which is in the range of a single mesh
element. Minor differences observed between two trials of
the same trajectory are attributed to potential variations in the
initial flap opening, a different attachment point of the flap
to the instrument, measurement errors, or varying material
properties in the phantom eye foil. For all test trajectories, the
final angle deviates in the range of 3° to 8° and is shown to
be highly comparable. Summarizing, the tearing simulation
has proven sufficiently similar to real-world experiments and
can serve as a realistic baseline for later RL.

III. LEARNING SOFT-TISSUE TEARING

We train a RL policy to predict the trajectory that the
instrument tip needs to follow in order to generate a circular
and centered tear with a radius of 2.75 mm. Every training
episode starts after a pre-determined initial flap is created
(Fig. 1, phase (i)). The task is considered complete when
a circular tear of 270° is achieved (Fig. 1, phase (iv)),
excluding the finalization of the rhexis. The policy is learned
in simulation, which allows for safe and efficient exploration
during the training process.

A. Reinforcement Learning

Our scene uses SOFA (version 21.12) accessed via a
modified training environment of LapGym, a framework for
RL in robot-assisted surgery that supports deformable objects
and topological changes [23]. We train using Proximal Policy
Optimization (PPO) via stable-baselines3 [49], which has
shown promising results for related soft-tissue manipulation
tasks like tissue dissection or cutting in [23]. Agents are
trained with a discount of v = 0.995 and ygag = 0.95.
The batch size is set to 128, with 256 steps in 16 parallel
environments and 4 epochs per iteration. The learning rate
and clip ratio are set to 0.0002 and 0.2, respectively, with
a linear scheduler applied to both values. Advantages are
normalized after each iteration. The "Nature CNN" from [50]
is used as the visual feature extractor.

1) Action Space: We define our actions @ = (a,ay,a.)
as a three-dimensional vector within the action space A =
[—25, 25]um. Each action corresponds to a linear movement

of the instrument tip in Cartesian space. Limiting the action
space to +25um prevents the RL agent from taking exces-
sively large or erratic actions and provides smooth instrument
movements.

2) Observation Space: We use stacks of the four latest
RGB images from a top-down perspective, which repre-
sents the view from an ophthalmic surgical microscope,
as observations for our policy. This allows the agent to
capture motion information over the previous 4 x 0.01s. Each
observation is of size 128 x 128 x 12.

3) Reward Function: The reward function R consists of
four components that encourage a tear propagation following
the ideal tear line. Towards this end, we define our reward
as

R = R5(0) + R(s(r) + Rprogress + Resuccess-

We define r as the radius of the last tear point, and 6 as
the angle between the last tear point and the direction of
the initial cut, both with respect to the center of the capsule
bag. The change in the radius and angle between consecutive
frames is denoted by d(r) and (), respectively.

Rs) gives a reward if a change in the tear angle is
observed (6(6) # 0). If the tear angle increases towards our
target angle, a positive reward is given and vice versa. The
total achievable reward is normalized, such that, once the
CCC is complete (8 = 270°), a total reward of 1 is achieved.

In similar fashion, R s(,) rewards a change in radius on tear
progression. If the new radius is closer to the optimal tear
radius 7,,; = 2.75mm, a positive reward is given. If the
deviation increases, the agent is penalized with a negative
reward. Again, this reward is normalized in such a way that
for reaching the optimal tear radius, a cumulative reward of 1
is given.

Rprogress is defined as 1.01? and entices the agent to
progress. Because the reward is dependent on the total angle,
larger rewards are given the closer the agent is to completing
the CCC. To avoid reward hacking, it is only given if the
tear angle has changed (6(8) # 0) and the tear is close to
the optimal tear (||r — ryy|| < 0.5 mm).

Rsuccess = 100 is only given once the agent has reached
the target angle 0;4ger = 270°.

4) Termination Conditions: We terminate a training
episode if 6 > 270° or after a time limit of
1000 steps £ 100s.

B. Regrasping

CCC requires the surgeon to regrasp the capsular bag
several times in order to achieve a 270° tear. In our work, the
task to be learned focuses solely on the decision on when and
where to regrasp, without considering the required instrument
movement from the old to the new grasping location or
the grasping motion itself. We define heuristic rules for
the regrasp decision based on domain knowledge acquired
during discussions with ophthalmic experts and the analysis
of surgical videos. Regrasping is performed for two main
reasons: First, when the instrument tip is closer to the tear
point, controlling the tear’s trajectory becomes easier. This
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implies that a change in the instrument’s movement direction
has a more pronounced effect on the tear’s direction. Sec-
ondly, if the distance between the instrument tip and the tear
point becomes too large, the workspace restrictions cannot be
maintained. Thus, we define the following regrasping rule: If
the distance between the instrument tip and the tear position
exceeds a threshold of 3 mm, a regrasp is performed.

To determine the new grasp location, we use the path
finding A~ algorithm [51] to find the shortest path along
the mesh edges between the tear point and the old grasping
position. The new instrument position is chosen at the node at
~ 25 % along this path. This ensures that the new grasp point
is on the capsule flap and in close proximity to the current
tear point. On implementation level, the connection between
the instrument and the mesh is separated and reinstated on
the location of the new attachment point during the same
simulation step.

C. Domain Randomization

We use DR to increase the robustness of our learned model
to changes in the environment. Besides reducing the sim-to-
real gap, DR also allows us to model inter-patient differences
in tissue characteristics and geometry, as well as variability
in the geometry of the initial flap, i.e., the agent’s starting
state. For each new training, we select a set of random tissue
and state parameters. The most significant parameters that
affect the tearing simulation are the Young’s modulus and
the tear stress threshold of the capsule bag, both of which
are selected based on a uniform distribution within 5 % of the
corresponding mean values defined in Section II. The range
for DR is oriented to the expected variance of geometrical
and biomechanical properties for human eye CCC.

IV. EVALUATION
A. Metrics

We evaluate the trained policies across 100 environments
in simulation and examine the tearing trajectories once the
agent terminates. The evaluation of a policy’s performance is
based on metrics reflecting progress and accuracy. Progress
reflects how far the tear has progressed along the circle.
Accuracy-based metrics assess how well the tearing trajec-
tory aligns with the optimal tear, i.e., a centered circle with
a radius of 2.75 mm.

1) Completion Rate: An environment is defined as
complete if the tear reaches the target angle of 270°.

2) Success Rate: An environment is defined as successful
if the generated tear reaches the target angle of 270° (i.e.,
the environment is complete) and the maximum distance
between the generated optimal tear is less than 1 mm.

3) Robustness: To identify whether a given policy could
be trained robustly (i.e., produces reliable and repeatable
results), we investigate the mean and maximum distance to
the optimal tear for completed results.

B. Experimental Setup

We define four experiments to investigate the influence
of DR and regrasping on the training in our simulation
environment.

00|QQ

(a) Results for w4 (b) Results for 7p

00

(c) Results for m¢ (d) Results for mp

Fig. 4: Overview of resulting CCC lines (red) as generated
by our policies. On the left side is the best completed but not
successful CCC and on the right, the best successful CCC,
where best is defined as the smallest maximum distance to
the optimal tear line (green circle). The yellow dot marks
the start of the CCC line and the red x identifies its end.

In the first experiment, we evaluate the policy m4 with
enabled DR during training and evaluation. The agent is
allowed to perform regrasps. This experiment aims to inves-
tigate whether the agent can learn the complex relationship
between instrument tip movement and tear propagation in
simulation and gains control over the tearing task.

The second experiment (policy 7w5) focuses on learning in
a randomized environment without regrasping. This experi-
ment investigates whether regrasping is necessary.

Experiments three (policy 7¢) and four (policy 7p) in-
vestigate the effect of DR. Regrasping is enabled. For policy
mc, the agent is trained and evaluated without DR. This
is deemed the simplest task, as the environment does not
change but the agent still has the best control over the tear
due to regrasping. In contrast, with policy mp we evaluate the
agent trained without DR in a randomized environment. This
yields insights into how much alterations in tissue parameter
and capsule bag geometry influence the performance.

V. RESULTS AND DISCUSSION

It is essential to balance the conflicting reward components
to avoid the agent prioritizing either progress (completion
without an accurate tear circle) or accuracy (tear line close
to the circle but slow or no movement). We discovered that
a promising approach is to use a combination of sparse
rewards, such as a Rgyccess at the end of an episode, and
dense rewards, such as Rs(g) and R (r).

Table I presents the results of our experiments in the tear-
ing simulation. Fig. 4 showcases both the best completed but
not successful (left pictures) and best successful trajectory
(right pictures) for each policy. With our baseline policy 7 4,
we achieve a completion and success rate of 62 % and 25 %,
respectively. Noticeable is the high standard deviation of the
maximum distance of the target CCC radius of 21.74 mm.
The qualitative investigation of the results confirm that the
policy is able to generate accurate and completed tearing
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TABLE I: Results of CCC in simulation using Reinforcement Learning (n = 100). Tear distances to the target CCC radius

is evaluated for completed environments only.

Scenario Tear distance to target CCC radius [mm] Completion Success
Policy DRgain DRevar  Regrasp Mean distance Mean max distance rate [%] rate [%]
TA v v v +0.223 (SD = 2.104) 4.94 (SD = 21.74) 62 25
B v v X +0.585 (SD = 1.288) 2.48 (SD = 2.67) 40 2
Tc X X 4 +0.046 (SD = 0.068) 1.18 (SD = 0.39) 85 5
D X v v —0.129 (SD = 0.379) 1.82 (SD = 1.67) 57 19

lines for some environments. However, in the cases that the
policy fails, the deviation towards the optimal tear is high.
Further investigation is needed to find the failure reasons.
Possible reasons might be instabilities of the simulation
resulting in unexpected behavior or a high dependency on
the varying tissue and geometry parameter.

Our results for mp suggest that automation without re-
grasping is not a feasible option. When comparing the perfor-
mance of policy 74 and mp with and without the regrasping
feature, respectively, m4 outperformed mp with respect to
the success and completion rate. wp achieves an insufficient
success rate of 2 %. Regrasping is a particularly challenging
task to automate due to the high perception requirements to
localize the 6D regrasp pose and high control requirements
to grasp the deformable lens capsule. Thus, an instrument
trajectory without the need of regrasping would be desirable
for automation of CCC. However, if we were to consider
cornea boundaries to restrict instrument movements in the
anterior eye, we anticipate a further decrease in performance
without regrasping.

The training task that involved static boundary conditions
during both training and evaluation (7¢) yielded the highest
completion rate. This can be referred to the less complex
training task (no DR during training and evaluation) and
potentially the overfitting effect. For 7w, the success rate
is unexpectedly low (5 %). We observe several cases where
the maximum distance is only slightly over our threshold
of 1mm for successful completion. These cases could be
considered "marginally unsuccessful". The mean maximum
distance for these cases was 1.18 (SD = 0.39). Therefore,
and based on qualitative results, we conclude that the suc-
cess metric with this threshold does not fully capture the
performance of 7¢.

mp performs worse than m4 with respect to completion
and success rate. This shows that domain randomization
during training of 74 helped to make the policy more robust
for a variation of lens capsule properties.

Future work is the transfer of the trained agent to physical
eye models. Our observations during robot-guided tearing
on the SimuloRhexis® phantom eye exhibited similar tear
lines as the simulation. Therefore, we anticipate compa-
rable tearing behavior while controlling the robot based
on the RL policies, too. However, the sim-to-real transfer
presents a challenge due to the domain gap between the
visual appearance of the simulation and the phantom model.
Investigating the use of vector observations including robot
states and visual key points from the tear geometry through

computer vision shows promise in addressing this challenge.
Furthermore, our preliminary results indicate that the cur-
rent policies generate trajectories where the instrument is
significantly lifted from the capsule bag, making it harder to
efficiently control and hold the flap. In contrast, when ob-
serving human-guided trajectories, the instrument tip touches
the lens capsule while tearing which makes it easier to hold
the grasp. To overcome this, we propose including a penalty
term in the reward function to discourage the instrument from
moving away from the foil surface. This approach would also
be beneficial when restricting the allowed workspace to the
anterior chamber, which is limited by the cornea.

VI. CONCLUSION

We demonstrate the implementation of a realistic tearing
simulation using optimized parameters from a real phantom
model, which enables the investigation of RL in simulation
for CCC. We trained and compared several policies using
RL for automating planning of the instrument trajectory
for CCC. Our tearing simulation, despite its high level of
abstraction, accurately models the tearing behavior of a
phantom eye. Successful validation of the similarity between
simulation and reality provides a crucial step towards future
sim-to-real transfer of automated instrument movement.

Our experiments demonstrate that successful training on
the CCC task of an RL agent is possible in simulation. Ad-
ditional adaptations of the reward functions and fine-tuning
of training parameters, such as the resolution and length of
the image observation stack, and learning rate, or the level
of DR, are required to address the remaining challenges
and achieve higher success rates. Future work will focus
on increasing the realism and stability of the simulation,
on investigating sim-to-real strategies, and on validating the
predicted trajectory on the SimuloRhexis® phantom eye. In
particular, challenges to be solved include the inter-patient
variance in boundary conditions, and challenging automation
of the grasping process.

In conclusion, the combination of a validated tearing
simulation and RL to learn optimal instrument trajectories
holds great potential for improving and automating CCC
procedures in the anterior eye. Further research is necessary
to fully realize this potential.
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