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Abstract— Intuitive enhancement of surgical precision in
robotic retinal surgery highly depends on the stable acquisition
of intraocular imaging data. Such acquisition requires segment-
ing intraocular components, especially instrument-tip positions,
to achieve state estimation and subsequent navigation and
motion control. However, intraocular light reflections and glares
significantly impact instrument segmentation, state estimation,
and subsequent visual servoing in retinal surgery. At the same
time, light reflections are among the sources of information for
intraoperative navigation. In this work, we propose a method
for modeling and optimizing light reflections using microscopy
as the standard surgical imaging modality. Beyond optimization,
our approach seamlessly integrates the optimized reflection with
path planning, strategically circumventing reflection areas and
ensuring uninterrupted visibility of instrument tips throughout
the surgical procedure. Experiments demonstrate the methodol-
ogy’s efficacy in avoiding glare affections during eye surgeries.

I. INTRODUCTION

In ophthalmic surgeries, surgeons monitor the instruments’
status through the microscope and decide the subsequent mo-
tion control. Specifically, the retinal surface, the light probe,
the instrument, and its shadow are essential for deciding the
next step of surgical manipulation. However, intense glares
are caused by intraocular reflection, sporadically preventing
the surgeon from acquiring the instrument’s position in the
microscope image. On the one hand, the surgeon may suffer
from visual blockage due to the instant strong reflection and
must pause the surgery until the sense of sight recovers.
On the other hand, the intraocular reflection either blocks
the projection of above-retinal instrument tips or interferes
with the shaping of intra-retinal instrument shadows, which
affects the status monitoring of instruments and turns off the
subsequent motion control, as shown in Fig. 1. This problem
occurs explicitly during the fluid-air exchange in vitrectomy
surgeries [1]–[3]. Therefore, the intraocular reflection should
be relieved to ensure the visibility of necessary image
components during eye surgeries.

Since the light probe is needed in eye surgeries to provide
intraocular illumination, intraocular reflections are classified
into three types depending on the object’s surface of reflec-
tion: retinal reflection, vitreous reflection, and instrument
reflection. Retinal reflection occurs if a particular retinal
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Fig. 1: Affection of intraocular glares in eye surgeries.

area suffers from diseases that cause rough tissue deforma-
tion. Vitreous reflection happens when the vitreous liquid
is partially extracted from the irrigation device, shaping
an intersection plane between the vitreous liquid and the
intraocular air, which causes light reflection and refraction
to shape glares. Instrument reflection occurs when the light
probe is placed toward the metal instrument, leading to a
strong reflection on the instrument’s metal surface that causes
the bothering glare shock but also contributes to the pose
estimation in some scenarios.

(a) ERMs peel-
ing [4].

(b) Retina de-
tachment [5].

(c) Retina de-
tachment [6].

(d) Retina de-
tachment [7].

Fig. 2: Examples of intraocular reflections and glares affect-
ing instrument monitoring in different eye surgeries.

Currently, many methods propose physical devices [8]–
[11] to relieve the affection of reflections and glares while
capturing static retina images for preoperative diagnosis.
However, this requires additional installation and validation
in the operating room for intraoperative purposes. Many
papers also focus on the intraoperative manipulation of
light probes to navigate the instrument’s motion [12]–[18].
However, few papers [19] consider the intraocular reflections,
not to mention the subsequent visual blockage. Once the light
reflection appears on the predefined instrument trajectory,
these microscope-guided methods fail to continue generat-
ing manipulation commands for both human surgeons and
robots. Although some works [20], [21] use neural network
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Fig. 3: Overview of our method on an eye phantom including reflection extraction, modeling and avoidance .

to remove glares in the image by denoising and inpainting,
their performance of recovering shadow information within
the glare areas are still questioned.

Considering the retinal and vitreous reflections unified
as visual blockage, this paper proposes adjusting the light
probe’s orientation to model the reflection distribution and
generate a locally optimal reflection. By rasterizing the retina
in the microscope, the collected microscope frames along the
light probe’s rotation form a reflection map to approximate
how the light reflection is distributed in each rasterized
retinal cell. This reflection map is then used to find the
global minimal reflection and the corresponding position of
the light-probe tip. Then, based on the optimized reflection
distribution, we use the A-star algorithm to plan a path for
the instrument tip from its current position to the target
retinal area in the microscope scope without stepping into
the reflection areas, avoiding the failure of finding image
components for decision-making.

The contributions of this paper are listed below:
• The intraocular reflection is modeled and optimized

using sampled microscope frames.
• The reflection avoidance is achieved by combining

reflection modeling and path planning.
• A dynamic ROI-based light optimization method is

proposed to further improve the visibility of instruments
during their intraocular movement.

II. METHOD

The overview of our method is presented in Fig. 3. This
paper uses the instrument as a needle to cover common
surgical scenarios. Since the frame sampling in Fig. 3 can
be conducted before all surgical manipulations, its computa-
tional cost needs additional analysis in the future.

A. Construction of Reflection Map

Assume that the region of interest (ROI) of the retina
in the microscope is bounded as a square area shaped as
dim × dim pixels. The microscope image’s color space is
already converted from RGB to grayscale. Given a predefined
granularity σras pixels for image rasterization, each dimen-
sion of the retina area is divided into simg = ceil(dim/σras)

cells, while σras can be adjusted according to the granularity
level of modeling the reflection.

We use Ci,j , i, j ∈ [0, simg − 1] to denote the retinal
cell in the j-th column of the i-th row. Then, the reflection
distribution in this cell Ci,j is represented by its reflection
score, which is the sum of normalized reflection strength
after non-reflection pixels are filtered as equation (1).

∀p ∈ Ci,j , Si,j =
∑ filter(p, σsr)

255
,

filter(p, σsr) =

{
p, if p >= σsr

0, if p < σsr

(1)

where p is the pixel value and σsr is a hyper-parameter
threshold to define whether a pixel belongs to strong light
reflection. The cell containing the light-probe tip in the image
will be ignored for the reflection score’s calculation.

The reflection score Si,j of each cell Ci,j only represents
the reflection distribution from the current light direction
from the current light-probe tip in the image. Therefore,
we horizontally rotate the light probe (initial orientation
θltip) by ∆θltip degrees and sample m continuous frames
during the light probe’s one-direction rotation to generate
the reflection distribution. Then, we mark the relative angle
from the current light-probe tip to the cell center as θki,j
where k ∈ [0,m−1] indicates the k-th frame in the collected
frames. If the light-probe tip pltip is visible in the microscope
image, the relative light-cell angle θki,j can be calculated as
equation (2).

θki,j =
v⃗x · v⃗cc→ltip

∥v⃗x∥∥v⃗cc→ltip∥
· sign(v⃗x × v⃗cc→ltip), (2)

where v⃗x is the global x-axis (column axis) vector and
v⃗cc→ltip is the vector from the center of the (i, j)-th cell
to the light-probe tip. Function sign(val) returns the sign of
a given value val. If the light tip pltip is not visible in the tip,
the relative angle θki,j can be used only as a position marker.

Temporarily, we combine all m reflection maps into a
global reflection map with the same size. Then, each cell
Cglobal

i,j in the global map contains a sequence of tuples <

θki,j , S
k
i,j >, k ∈ [0,m−1], and the reflection modeling task is

to integrate all reflection scores into a global distribution. In
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this paper, we propose two strategies to generate the global
distribution.

B. Reflection Modeling from Sparse Sampling

If the light-probe tip is visible in the frame, sparse frame
sampling is needed to collect frames for the reflection
approximation. Based on the assumption that the reflection
of a local retinal area varies continuously, the reflection
distribution in the cell Cglobal

i,j is approximated by the
interpolation of reflection strengths in sampled frames, as
shown in Fig. 4. Using the reflection sequence < θki,j , S

k
i,j >

sparse frame sampling 
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Fig. 4: Sparse modeling by polynomial interpolation.

, k ∈ [0,m − 1] as the sampled X-Y values in a planar
function, then this reflection function can be approximated
by polynomial interpolation as equation (3).

S(θ)globali,j = |
m−1∑
k=0

(

k ̸=l∏
0⩽l⩽m−1

θ − θli,j
θki,j − θli,j

) Sk
i,j | (3)

After obtaining the interpolated reflection-score distribu-
tion function S(θ)globali,j of the global cell Cglobal

i,j , the global
reflection optimization can be achieved by finding the ideal
light-probe tip pltip during its horizontal rotation so that
the sum of reflection strengths in all global reflection cells
reach the minimal value with corresponding relative light-
cell angles. This problem is formalized as equation (4).

argmin
pltip

simg−1∑
i=0,j=0

S(θi,j)
global
i,j (4)

where the calculation of relative angle θi,j from each cell
center to the given light-probe tip pltip is done as equa-
tion (2). The corresponding light-probe tip becomes optimal
if the minimal reflection score is found.

However, it is still difficult to consider all reflection
cells for global optimization due to the computational cost.
Therefore, the solution to finding the optimal among the
continuous reflection distribution can be approximated by
finding the discrete frame with the optimal reflection. It
means we can horizontally rotate the light-probe to generate
a discrete sequence of light-probe tips and search for the
optimal reflection frame in the sequence. Defining a range of

rotation angles [θmin
ltip , θmax

ltip ] and an angle granularity ∆θrot,
we can define a sequence of light-probe tip positions Tltip,
as equation (5).

Tltip = {pi = θmin
ltip +∆θrot · i|θmin

ltip ⩽ pi ⩽ θmax
ltip , i ∈ N}

(5)
Then, giving each static light-probe placement pltip ∈ Tltip,
the reflection strength in each cell can be calculated using
equations (2) and (3) together. Consequently, the whole
reflection score in the corresponding frame is obtained by
adding all cells’ reflections. During the light probe’s horizon-
tal rotation, the light probe’s intraocular radius (the length
of the light probe’s intraocular portion) remains unchanged,
obeying the RCM constraint of trocar placement. Finally, the
solution to problem (4) is approximated as equation (6).

argmin
pi∈Tltip

simg−1∑
i=0,j=0

Si,j(θltip(pi)) (6)

C. Reflection Modeling from Dense Sampling

A dense frame sampling can approximate the reflection
distribution if the perception and calculation system can work
at a high frequency. In this context, the sum of reflection
strength within the map serves as a representative reflection
score when the light probe remains in a fixed position.
We collect the annotated light-tip position li as well as
the reflection score Si of each sampled frame to build a
global look-up table, as shown in Fig. 5. This reflection
score Si can be either the sum of reflection for global
optimization or the collection of all reflection cells in the
frame for dynamic optimization. Traversing all items in the
global look-up table makes it straightforward to find the
frame with the minimal reflection score. Subsequently, the
corresponding light-tip position of the minimal-score frame
is recovered to duplicate the same reflection distribution. This
method guides surgeons and robotic systems to position the
light probe optimally, thereby reducing reflection challenges
and enhancing surgical precision in cases that demand dense
frame maps, as shown in Fig. 5.
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Fig. 5: Dense reflection modeling by a global look-up table.

If the collected frames are dense enough, it is intuitive
to find the frame in the frame collection with the minimal
global reflection scores as the target reflection status using
equation (7).

argmin
k∈[0,m−1]

simg−1∑
i=0,j=0

Sk
i,j (7)
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III. REFLECTION AVOIDANCE

Upon obtaining the optimal reflection map, the light probe
should be placed at the corresponding optimal position with a
suppressed reflection distribution. However, avoiding image
cells where strong reflections still exist is essential. There-
fore, the next step is leveraging the optimal reflection map
to generate a future needle-tip trajectory to avoid collisions
between the needle tip and the remaining reflection areas.
Also, this planned trajectory is fundamental to ensuring the
precision and safety of ophthalmic surgery.

(a) Input frame.

start

destination

strong 

reflection area

tip 

path

(b) Output path.

Fig. 6: An examples of reflection-based path planning for a
given frame using the 8-neighbor searching strategy.

Given that areas of strong reflection have been rasterized
into cells within the optimal reflection map, the objective
is to generate a path from the current needle tip to the
target area. Importantly, every cell traversed along this path
should be a non-reflection cell. A classical Astar algorithm
is adopted to achieve this intricate path-planning task. The
Astar algorithm is renowned for finding the shortest path
while considering obstacles and constraints, making it an
ideal choice for guiding the needle tip safely through the
intricate landscape of reflection and retinal surfaces. We
adopt the general evaluation function as equation (8) to assess
the rank of each cell during path planning.

forward(x) = dis(C,Cending)

g(C) = history(C) ∗ 1.0 + forward(C) ∗ 1.0
(8)

Suppose no valid path is obtained during the path planning
stage. In this case, human intervention is needed to raise the
threshold of glare filtering to enable more traversable cells,
which sacrifices the tolerance of reflection perception and
requires higher-precision instrument manipulation.

IV. DYNAMIC ROI-BASED LIGHT OPTIMIZATION

Initially, the reflection of the microscope frame is modeled
by dense or sparse sampling, and the trajectory of the needle
tip pntip is planned. However, the surgeon mainly focuses on
the Region of Interest (ROI) surgical area and dynamically
adjusts the needle-tip position. In this paper, we define the
surgical ROI as the rectangle area in the reflection map
bounded by the target needle-tip position ptar and the current
needle-tip position pcur as corners of the rectangle, as (9).

This rectangle ROI is represented by its left-up corner, width,
and height.

WidthROI = ∥ptar.x− pcur.x∥
HeightROI = ∥ptar.y − pcur.y∥

pleftup = (min(ptar.x, pcur.x),min(ptar.y, pcur.y))
(9)

Once a valid path Tntip is planned from the current needle
tip to the target position without reaching, the following
algorithm can adjust the light and optimize the reflection
strength in the ROI.

Algorithm 1 Dynamic ROI-based Light Optimization

while pcur ̸= ptar do
Ck = argmink∈[0,m−1]

∑
i,j S

k
i,j(ROI)

Tntip = PathPlanning(pcur, ptar)
AdjustLightPlacement(Ck)
pnext = Tntip[1]
MoveNeedle(pcur,pnext) # conduct needle movement
pcur = pnext # update needle status after movement
ROI = UpdateROI(pcur, ptar)

end while

current tip next tip path node target tip reflection ROI area

frame i frame jmove 

needle

update 

ROI

optimize 

light

re-plan 

path

Fig. 7: Dynamic light optimization and reflection avoidance
based on the reflection inside the ROI.

As presented in Algorithm 1, in each loop of motion
control, the best reflection map with the lowest reflection
score in the ROI area is found and used to generate a new
path from the current needle tip pcur towards the target ptar.
Function MoveNeedle(pcur,pnext) represents the actuating
procedure of moving the instrument tip from the current
position pcur to the next target node pnext, which can be
solved as an ophthalmic path-tracking problem (similar to
vessel tracking [22]). Subsequently, the new ROI of motion
control is updated according to the needle tip’s current
position pcur and destination ptar. This procedure is also
depicted in Fig. 7.

This dynamic ROI-based reflection modeling adjusts the
light probe with the needle-tip motion. We can follow this
algorithm to ensure that the ROI’s reflection is optimized to
help surgeons better observe the manipulation area and avoid
losing the needle-tip position due to glares. It is noticeable
that the reflection strength in the ROI area is optimized to
provide a higher possibility of planning a path in the ROI.
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However, the input of the path-planning module is still the
whole reflection map to ensure the connectivity between the
current needle tip and the target tip position.

V. EXPERIMENT AND RESULT

A. Design of Experiment

We collect 21 frames of the phantom retina reflection, as
shown in Fig. 8. These frames are used for the evaluation of

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 8: 12 examples out of 21 frames by clockwise and
horizontally rotating the light probe in a eye phantom for
experiments (12mm-diameter visible range).

retinal reflection modeling using the following steps:
• Rasterize all frames (dim = 1040 pixels) into cells

(σras = 40 pixels) and calculate their reflection scores
using equation (1). The reflection threshold σsr is 220
for each pixel.

• Sample frames from the collection depending on the
sampling interval (number of continuous frames to sam-
ple one output), [1, 2, 4, 6, 8, 10] for the dense sampling
and [4, 6, 8, 10] for the sparse sampling ([1, 2] ignore
for the sparse sampling due to the sparse feature).
For each sampling interval, 10 random samplings are
conducted to generate a collection of microscope frames
for reflection modeling and path planning.

• Use the dense and sparse sampling strategies to approx-
imate the reflection distribution and find the minimal
reflection frame with the lowest reflection score. A light-
tip sequence is generated by rotating the light probe
from the starting frame to the ending frame, simplifying
the calculation for sparse sampling.

• After obtaining the minimal reflection frame, use the
A-star planning to generate a path from the starting cell
[4, 3] to the ending cell [25, 12] to avoid reflection cells.

To evaluate the performance of two different reflection-
modeling strategies, we use the following metrics:

• relative reflection strength: the ratio of the found mini-
mal reflection score over the global minimal reflection

score (indicating how approximating the found frame
is to the global optimal frame). The global minimal
reflection score is ≈ 22106.17 as a prior.

• relative path length: the ratio of the planned path with
reflection avoidance in the found minimal reflection
frame over the straight path length from the starting
cell’s pixel center to the ending cell’s pixel center
(913.89 pixels).

• number of avoided strong-reflection cells: proving the
necessity of reflection avoidance.

During the approximation of sparse modeling, the angle
granularity ∆θrot is 1◦, and the rotation range is [161◦, 172◦]
referring to the x-axis (the column axis of the input image).

B. Result of Reflection Modeling

The distribution of relative reflection strengths in different
sampling intervals is presented in Fig. 9. As for the dense
sampling strategy, the approximation of reflection strength
is enhanced when the sampling interval is reduced, making
it easier to sample frames with reflection strengths sim-
ilar to those of the global minimal frame. However, the
sparse sampling method obtains the best approximation result
(mean) when the sampling interval is 8. Its performance
worsens when the sampling interval length decreases due
to the unstable approximation by polynomial interpolation.
This phenomenon is caused by the substantial and unstable
strength variation between two samples if the sampling
interval is too small during interpolation, which shows its
feasibility only in the sparse-sampling scenario.
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Fig. 9: Comparison of relative reflection strength using dense
and sparse sampling strategies, respectively.

The length distribution of planned paths by Astar is
presented in Fig. 10. Since the dense sampling method can
find the low-reflection frame closer to that of the global
minimal frame, the number of strong-reflection cells is
reduced. Consequently, the path planner can generate a short
path for the dense sampling method compared with the sparse
sampling.

We also count the number of strong reflection cells that
are avoided by reflection optimization and path planning
compared with the straight path from the starting cell to
the ending cell, as shown in TABLE I, which proves the
necessity of avoiding reflection areas to ensure the visibility
of surgical instruments.
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Fig. 10: Comparison of relative path length using dense and
sparse sampling strategies.

TABLE I: Number of avoided reflection cells

sampling interval method mean variance min max

10
dense 13.6 0.64 12 14
sparse 14.5 0.45 13 15

8
dense 10.4 9.84 6 14
sparse 14.6 0.24 14 15

6
dense 8.7 8.41 6 14
sparse 15.0 0.0 15 15

4
dense 7.0 1.2 6 9
sparse 15.0 0.0 15 15

2
dense 7.6 2.04 6 9
sparse - - - -

1
dense 6.0 0.0 6 6
sparse - - - -

The experiment results show that the sparse-sampling
method obtains a relatively stable number of avoided reflec-
tion cells with its best performance at sampling interval 8.
By contrast, the dense sampling method can improve the
reflection-avoidance performance with the decreasing sam-
pling interval. Meanwhile, sampling methods and the path-
planning module can prevent human surgeons and robotic
perception systems from stepping into strong-reflection areas.

C. Testing Dynamic ROI Optimization

We collect the average reflection strengths (sum of ROI
strengths/number of path nodes) in the ROI of three light-
placement optimization methods with multiple sampling in-
terval sizes [1:1:10]. To compare the improvement of the
dynamic ROI-based optimization, we use the average ROI
strengths along the planned path in each simulation, as shown
in (10), to demonstrate the reflection strength along the
planned path. For each sampling interval, 50 simulations are
conducted, and their average ROI strengths are adopted for
the method comparison.

ROIi = UpdateROI(picur, ptar), picur ∈ Tntip

Sum =
∑

Si(ROIi)

metric = Sum / (NumOfNode(Tntip)− 1)

(10)

This test uses the dense-sampling strategy to model the
reflection strength with the global-min(imal) frame as the

ground truth. In this experiment, the initial and target needle-
tip positions in the rasterized reflection map are [0, 10]
and [13, 24], respectively. We allow traversing the eight
neighborhood nodes in the reflection map for Astar path
planning. The result is depicted in Fig. 11.
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Fig. 11: Comparison of average ROI strength along planned
paths using different sampling strategies and intervals.

According to the trend of average ROI strengths, if the
frames for the light-probe placement are densely sampled
(i.e., interval size as 1 and 2), the dynamic sampled-
optimization strategy helps to obtain reduced ROI reflec-
tion strengths even better than using the global-minimal
frame. As for the interval sizes 3 and 4, although the ROI
strengths of the sampled-minimal method are higher than the
ground truth, it still surpasses the result of using the fixed
sampled-minimal frame for path planning. However, when
the sampling interval is too sparse ([5:1:10]), the strength
variations of sampled-min and sampled-optimal methods are
similar. The result shows the weakness of losing reflection
information due to sparse sampling, proving that relatively
dense frame sampling benefits the dynamic ROI-based light
optimization.

VI. CONCLUSION

This paper tries to improve the instrument tip’s trajectory
planning under the challenge of glare-caused intraocular
invisibility. The proposed method considers a simple scenario
of static reflection distribution that can be modeled during
the surgical preparation stage. Then, this paper proposes
adjusting the light probe’s placement to obtain suppressed re-
flection. It provides a dynamic ROI-based light optimization
during the needle movement, relieving the visual interruption
of strong reflections instrument manipulation.

Meanwhile, using irrigation devices in the surgical setup
maintains the intraocular pressure balance but leads to a
varying fluid environment inside the eyeball and causes un-
predictable illumination results. Moreover, unstable eyeball-
microscope alignment due to the eyeball’s orbital control also
slightly changes the angles of light refraction and generates
more reflection areas. Therefore, the proposed reflection
modeling and avoidance need additional validation to meet
the higher surgical safety in real eye surgeries with more
complicated illumination conditions.
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