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Abstract—Precise micrometer-scale tissue manipulation is es-
sential for successful microsurgery. Despite advancements in
intraoperative sensing and instrument tracking, providing ac-
curate real-time feedback on instrument positions relative to
critical tissue structures remains challenging. This research aims
to reliably reconstruct fine-grained anatomical surfaces intra-
operatively using a smart instrument with fiber-based distance
sensing. First, instrument-integrated optical coherence tomogra-
phy sensor readings are integrated with instrument tracking to
reconstruct accurate surface point clouds. Subsequently, radial
basis functions, ordinary Kriging, and B-splines are utilized
for surface modeling, employing tailored basis functions and
smoothing parameters. The proposed methods are validated in
the context of vitreoretinal surgery through simulations and with
ex vivo studies involving porcine and human cadaver eyes. In
simulations, radial basis function interpolation demonstrates the
highest robustness across varying noise levels and eye shapes.
In ex vivo studies, ordinary Kriging outperformed, yielding root
mean square errors of 14.7 µm for the porcine eye and 38.1 µm
for the human eye, with 99.7% and 96.5% of absolute errors
below 100 µm. The proposed methods effectively model feature-
rich micro-anatomical surfaces and enable model-based assis-
tance and automation, ultimately enhancing surgical precision in
delicate ophthalmic procedures.

Index Terms—Intraoperative anatomical models, micro-
surgery, optical coherence tomography, intraoperative guidance

I. INTRODUCTION

FOR many patients with severe disease, challenging
surgery on fragile, micron-scale tissue is essential. Due to

the limited visibility and challenging lighting conditions, feed-
back on the surgical instrument’s position relative to the tissue
can significantly assist surgeons [1]. This necessity drives the
development of smart microsurgical instruments equipped with
real-time distance sensing capabilities, alongside instrument
tracking algorithms. These innovations facilitate the intra-
operative three-dimensional reconstruction of tissue surfaces
(Fig. 1).
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Fig. 1: (a) An optical sensor integrated with a remote center of
motion (RCM)-constrained instrument measures the distance
from the instrument tip to the tissue. (b) This enables the
reconstruction of small surface irregularities in a porcine
retina, such as retinal folds near the optic disc, within the
robot’s base frame. The blue view planes within the cubes
illustrate the viewing direction

Optical fibers have been incorporated into various medical
instruments, including needles [2], forceps [3], and vitrectomy
cutters [4], facilitating tomographic imaging from within the
body, such as in neurosurgery [5]. The clinical application of
instrument-integrated optical coherence tomography (iiOCT)
distance sensors in robotic vitreoretinal surgery was first
demonstrated by Cereda et al. [6]. Alternatively, a sensorized
instrument that uses projection patterns from an integrated
spotlight analyzed through a microscope camera offers a
cost-effective but less accurate means of intra-ocular distance
measurement [7].

In this paper, we focus on vitreoretinal surgery as a rep-
resentative application due to its significance in microsurgery
and the high volume of procedures performed [8]. Intraopera-
tive optical coherence tomography (OCT) volume imaging is
primarily used for instrument tracking in ophthalmic surgery,
often in conjunction with surgical microscopes [9]–[11]. Al-
ternatively, real-time pose tracking can be achieved through
electromagnetic tracking systems, such as the Aurora system
(NDI, Waterloo, Canada), or through robotics. Closed-loop
telemanipulators such as the hybrid parallel-serial microma-
nipulator developed by Nasseri et al. [12] are capable of
tracking joint movements, and with forward kinematics, the
instrument pose in the world reference frame can be retrieved,
provided the instrument is extrinsically calibrated to the
robot. Piccinelli et al. introduced the Geyedance system [13],
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Fig. 2: Intraoperative reconstruction of the 3D retinal point
cloud is achieved by combining distance measurements with
the 6D tool tip pose during instrument movement. The re-
constructed point cloud is used for patient-specific geometric
modeling

a bilateral teleoperated microsurgery platform with OCT-
measurement integrated at the end-effector, providing multi-
modal feedback. The system exploits a neural network-based
tool-to-tissue distance estimation module to enable surface
reconstruction and intraoperative spherical modeling.

Intraoperative eye modeling utilizing extra-ocular sensors
presents significant challenges due to optical distortions orig-
inating from the anterior segment of the eye [14]. Addition-
ally, microscope-based surface reconstruction is hindered by
difficulties in depth reconstruction [15], [16]. Initial research
on eye modeling utilizing intra-ocular sensors, such as iiOCT
or endoscopy, has focused on approximating the eye with
spherical fits [17], [18]. Briel et al. demonstrated that ellipsoid
fitting is superior to sphere fitting for regular eye shapes [19].
However, in real-world experiments, neither model achieves
errors below 100 µm, highlighting the need for more flexible
surface modeling methods able to account for local structures
such as blood vessels, bumps, puckers, and the optic nerve
head (ONH).

In this work, we propose a patient-specific geometrical mod-
eling method that utilizes only intraoperative point clouds from
instrument-integrated measurements, eliminating the need for
preoperative-intraoperative registration [20] or generic model
assumptions [19]. The high precision of the 3D reconstruc-
tion is validated in ex vivo studies on porcine and human
cadaver eyes through comparison with microscope images and
microscope-integrated OCT. The model’s accuracy, enhanced
by techniques such as smoothing parameter optimization, is
further demonstrated by comparison with a 3D reference point
cloud.

II. METHOD

Instrument-integrated OCT measurements are combined
with instrument tracking to reconstruct accurate surface point
clouds, following the reconstruction method proposed in [13]
and illustrated in Fig. 2. We propose teleoperated surface ex-
ploration instead of automated movements, enabling surgeons
to target regions of high relevance. Subsequently, we present

patient-specific geometrical modeling techniques. Unlike pre-
vious methods, our modeling approaches do not enforce any
predefined geometric shapes (e.g., sphere or ellipsoid) while
preserving smoothness and retaining critical retinal features.
We present radial basis functions [21], ordinary Kriging [22],
and B-splines [23], which are particularly effective for precise
and flexible retinal modeling due to their successful applica-
tion in related research fields [24], [25].

A. Intraoperative 3D reconstruction

iiOCT conducts one-dimensional intensity scans, known as
A-scans, of reflections from structures such as the retina.
This technique enables visualization of the retinal surface
and the layers beneath it. Convolutional neural networks can
be employed for real-time segmentation of retinal layers in
A-scans, enabling the estimation of the distance from the
instrument tip to the retinal surface [26]. To prevent segmenta-
tion errors, we manually annotated the time-resolved A-scans,
referred to as M-scans. Adding a temporal dimension to the
A-scans simplifies the annotation process, allowing annotators
with limited clinical background to successfully perform the
task. In previous work [13], we showed that our U-Net-
like convolutional network achieves mean absolute distance
errors of 14 µm when trained on simulated iiOCT data from
microscope-integrated OCT and tested on cadaver eye data.
When trained on cadaver eye data, the error decreases to 7 µm.

By using forward kinematics to determine the pose of the
surgical instrument, the measured distance can be converted
into a spatial point on the surface, following the approach
outlined in [13]. Moving the smart instrument and collecting
data points generates a point cloud that represents the sur-
face (Fig. 2). In this work, we propose teleoperated surface
exploration to allow surgeons to target areas with surface
anomalies or regions of high relevance, thereby reducing
reconstruction errors in these regions. In contrast, our previous
work introduced an automated spiral trajectory for pre-surgery
exploration [19]. Teleoperated exploration provides surgeons
with full control of the instrument, allowing them to delineate
the surgical area and define the model’s scope.

Intraoperative models must address the noise and non-
uniformity characteristics inherent in the reconstructed point
clouds. These challenges stem from difficulties in estimating
distances using A-scans and inaccuracies in tracking the
instrument tip, often caused by movement constraints imposed
by the remote center of motion (RCM) or calibration issues.

B. Radial basis functions

The radial basis function (RBF) interpolation method is a
robust global approach that utilizes all available data points
for modeling [21]. Given a set of data points {xi}ni=1 with
corresponding values {zi}ni=1, our goal is to find the inter-
polant z = s(x) for all points x in the ocular region of
interest. In this context, {xi}ni=1 represents the lateral 2D
coordinates (x and y) of the reconstructed point cloud in the
robot base frame, while {zi}ni=1 denotes the z-coordinates. The
z-axis aligns with the instrument axis in the robot’s initial
configuration, which is angled at 30◦ to the world upward
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direction. RBF interpolation effectively manages unevenly
scattered data across multiple dimensions [27] by employing a
linearly weighted sum of radially symmetric basis functions ϕ
centered at the data points xi:

s(x) =

n∑
i=1

αiϕ(∥x− xi∥) +
m∑
j=0

βjpj(x) , (1)

where αi and βj are the unknown interpolant coefficients
and pj polynomials in x. This approach enables local z-
value approximation, making it suitable for modeling complex,
smooth surfaces with a minimal pointwise error [28].

The radial basis functions (i.e., kernels) must be condition-
ally positive definite to ensure the solvability and uniqueness
of the following linear equation system [27]:(

Φ P
PT 0

)(
α
β

)
=

(
z
0

)
, (2)

where Φ ∈ Rn×n is the RBF matrix and P ∈ Rn×(m+1) is
the polynomial matrix, α ∈ Rn are the RBF coefficients, and
β ∈ Rm+1 are the polynomial coefficients.

A key advantage of RBF interpolation is its capacity to
smooth irregularities and noise in measured data. To address
noise in the input data of the RBF interpolator, a smoothing
parameter λ ≥ 0 is introduced, modifying the system to(

Φ+ λI P
PT 0

)(
α
β

)
=

(
z
0

)
, (3)

where I is the identity matrix. The calculation of the coeffi-
cients αi thus becomes a balance between accurately fitting
the data and allowing some flexibility to smooth out noise.

C. Ordinary Kriging

Ordinary Kriging (OK) is an interpolation technique initially
developed in geostatistics [22] and has since then been applied
in areas like three-dimensional optical surface metrology [29].
It is based on the principle that spatially close points tend
to have similar values, utilizing a stochastic model to capture
these spatial dependencies. Regionalized variable theory ad-
dresses this by treating z-values as stochastic variables z(x)
rather than deterministic ones. Key assumptions of this theory
include an unknown but constant mean, stationary variance
and isotropy [22].

The expected squared difference between values at two
points separated by a lag h is described by the semivariance
γ(h)

2γ(h) := E[(z(x)− z(x+ h))2] . (4)

The function that relates the semi-variance γ(h) to the sepa-
ration vector h is known as the variogram. To capture spatial
autocorrelation in the data, the empirical variogram is defined
as

γ̂(h) =
1

2M(h)

M(h)∑
i=1

(z(xi)− z(xi + h))
2
, (5)

where M(h) describes the number of pairs of observations
z(xi) and z(xi + h) separated by the lag h. The precision
of the estimated semivariances depends on the sample sizes

M(h) [22]. After evaluating the empirical variogram for
various lags h, a spherical experimental variogram model is
fitted through the semivariances.

The variogram model characterizes correlation properties
of data points through the range, sill, and nugget value.
The range indicates the lag beyond which data points are
deemed uncorrelated, whereas the sill represents the plateau
value attained at maximum range. The nugget accounts for
variability among data points at very short distances (i.e.,
noise) and is where the variogram intersects the y-axis.

The prediction at an unobserved location is calculated as a
weighted sum of observed data points [30]:

ẑ(x) =

n∑
i=1

αiz(xi) , (6)

where αi ∈ R are the OK coefficients optimized for prediction.
The best linear unbiased (

∑
i αi = 1) predictor is found by

minimizing the variance of the interpolation error, leading to
the following equation system[

Γ 1
1T 0

] [
α
µ

]
=

[
γ
1

]
, (7)

where Γ ∈ Rn×n is the matrix of semivariances, γ ∈ Rn is
the vector of semivariances between the unobserved location
x and the known locations xi, and µ represents the Lagrange
parameter. OK uncertainty enables the assessment of the
reliability of interpolated values based on variances.

D. B-splines
Basis spline surface reconstruction is a versatile technique

to create smooth surfaces that are defined by a control lattice.
Adjustments to a control point affect only a specific region of
the surface, enhancing computational efficiency and making
it valuable in computer graphics and CAD applications [23].
Dewan et al. utilize third-order tensor B-splines to model
disparities in stereo images, achieving a 3D reconstruction
that guides the user along the surface [31]. The degree of
the B-spline determines the surface’s smoothness with cubic
B-splines frequently used for their balance of flexibility and
smoothness.

A B-spline surface is defined as a tensor product of B-spline
basis functions along each parameter direction, consisting of
continuous surface patches that connect seamlessly at their
boundaries and possess continuous higher-order derivatives.
The general formula for a B-spline surface is

f(u, v) =

m∑
i=0

n∑
j=0

Pi,jN
k
i (u)N

l
j(v) , (8)

where u and v are the global parameters of the surface patch,
Pi,j are the control points, and Nk

i (u) and N l
j(v) are the B-

spline basis functions.
To obtain the spline surface, the following function is

minimized:

F =
∑
i

ωi · (zi − f(ui, vi))
2 (9)

+ λ

∫ ((
∂2f

∂u2

)2

+

(
∂2f

∂v2

)2

+ 2

(
∂2f

∂u ∂v

)2
)

du dv .
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Fig. 3: The robotic system including a 3 DOF telemanipulator
and iiOCT sensing [13] performs measurements on a porcine
eye visualized under a surgical microscope

DoF

RCM

Eye shape

Platform

Fig. 4: Visualization of the three-degree-of-freedom
Geyedance robotic system in RViz [13], featuring a
mechanical RCM. Simulated distance measurements between
the virtual instrument tip and eye shape are possible

The first term represents the approximation quality of f(u, v)
at the data points (ui, vi, zi), whereas the penalty term
measures the spline’s bending energy, a common smoothing
approach [32]. The parameter λ balances smoothing and
fidelity to the data. Minimizing F is achieved by adjusting
the positions of the control points.

III. EXPERIMENTAL VALIDATION

A. Experimental setup

The experimental setup (Fig. 3) integrates the Geyedance
robotic system and optical-fiber-based instrument-integrated
sensing [13]. The robotic system is interfaced and controlled
using Robot Operating System (ROS) and teleoperated via a
TCP connection with the MJ3 joystick (Mecademic, Mon-
treal, Canada). In ROS, the system simulation includes a
robot model controllable with the MJ3 joystick and simulated
instrument-retina distance measurements (Fig. 4).

The customized robotic arm (ACMIT, Wiener Neustadt,
Austria), a three-degree-of-freedom manipulator, features a
parallel kinematic structure that provides a mechanical RCM.

Fig. 5: Ground truth point clouds of the pointed retina, retinal
detachment, and staphyloma with their local modeling areas

With the RCM as a movement constraint, defining the angle
between the instrument and the retina, it allows a pivoting
range of +/- 40° for both rotating axes around the RCM
and a linear instrument insertion with a range of 10 cm. The
manipulator is controlled using an MJ3 joystick, a 3-axes
joystick suitable for operating the robot in joint velocity mode.
The linear guide includes an instrument holder for inserting the
iiOCT cannula to perform intra-ocular distance measurements.

The common-path OCT provided by ACMIT (Wiener
Neustadt, Austria) achieves 12mm imaging depth and a reso-
lution of 23.4 µm. The surgical microscope is used to observe
and monitor the surgical field and includes a microscope-
integrated OCT used as a reference modality to assess the
quality of the 3D reconstruction. The OCT-scan consists of
512 × 128 A-scans, each containing 1024 pixels, with an
imaging depth of 2.9mm in tissue. Its size is adjusted to align
with the scanned area of the iiOCT.

B. Data acquisition in simulation

Three distinct eye shapes [19] are constructed as point
clouds based on parameters from the literature [33], [34]
and illustrated in Fig. 5. These eye shapes represent com-
mon pathological conditions, including staphyloma, retinal
detachment and pointed retina. A staphyloma is characterized
by a localized protrusion at the posterior part of the eye,
while retinal detachment occurs when the retina tears, allowing
vitreous fluid to seep into the subretinal space. Nearly half of
highly myopic eyes exhibit a pointed shape in the posterior
part [35]. By incorporating a point cloud of a designed eye
shape, simulated distances to the eye surface are measured in
the instrument direction. This is achieved by calculating the
intersection with the plane fitted through the closest points to
the iiOCT ray.

To identify the most reliable local modeling method and
its optimal parameters, experiments are initially conducted
in simulation. To assess the minimal time needed for reli-
able reconstruction, nested trajectories with durations of 30 s,
45 s, 60 s, 90 s, 120 s are acquired, covering a circular area
of approximately 4mm radius. The robotically-held surgical
instrument is maneuvered in RViz for 2min using a joystick,
continuously acquiring simulated distance measurements and
storing the trajectories at the specified time stamps. The
authors, without clinical backgrounds, collected a total of
five distinct trajectories for each eye shape while monitoring
the measured points in real-time within the RViz simulation
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Fig. 6: Acquisition of realistic exploration data in RViz (right)
derived from a real-world grid scan of a porcine retina (left)

environment. The trajectories are designed to evenly scan the
entire region of interest, specifically the macular area, with an
emphasis on surface irregularities.

C. Ex vivo data acquisition

Further, a human cadaver eye study was conducted at
Ospedale Privato Villa Igea, Forli, Italy [13]. Donor eyes un-
suitable for corneal transplantation due to poor endothelial cell
counts, procured by Fondazione Banca degli Occhi del Veneto
Onlus (Venice, Italy), were used for research purposes and
validation studies described in this manuscript, in accordance
with law 91/99 and after an informed consent form was signed
by the donor’s next of kin. The experimental procedure was
approved by the hospital ethics committee (Prot. 2024-0009).

In addition, porcine eyes are utilized in ex vivo tests due to
their availability. A key advantage of using ex vivo porcine
eyes is the reduced time between exitus and testing. The
quality of the cadaver retina significantly declines weeks after
exitus, as the lack of blood flow causes the retina to become
fragile and detach from underlying layers. Therefore, the lens,
vitreous, and detached retina were removed prior to human
cadaver eye experiments and left intact for the porcine eye
experiments.

For data acquisition, the ex vivo eyes are placed in a holder
on the stage, with the trocar aligned to the robot’s RCM.
To capture a retinal surface of approximately 15 × 15 mm,
the robot executes an automatic grid trajectory that generates
approximately 100,000 data points. The ex vivo eye grids are
utilized for simulated distance measurements in RViz (Fig. 6),
mirroring the data acquisition process in simulation. This
method eliminates the necessity for multiple teleoperated scans
in ex vivo samples, conserving operating time and minimizing
manual segmentation.

D. Modeling parameters identification

First, the optimal parameters for the modeling approaches
RBF, OK and B-splines are determined for use in subsequent
experiments.

The SciPy library’s RBF interpolator is utilized with ad-
justable parameters, including the kernel, number of neigh-
boring points, and smoothing parameter. The initial evaluation
focuses on three kernels — thin plate spline, cubic, and
quintic — with the smoothing factor as the only unknown

blood 
vessels

OCT C-scan iiOCT grid scan 

bump

ONH

puckers

Fig. 7: Comparision of surface characteristics in the meshed
iiOCT grid scan and the OCT volume scan of the porcine eye

parameter. The challenge lies in selecting smoothing param-
eters that effectively suppress noise while preserving surface
details.

To construct the OK interpolation surface, the toolkit
PyKrige is used. Adjustable parameters include the assumed
variogram model, its parameters, and the number of lags. From
the best-fit variogram model, the parameters nugget, sill and
range are determined.

To calculate the B-spline surface function, the library SciPy
is used. All parameters, except the smoothing parameter,
are maintained at their recommended default settings. A
smoothing factor analysis is performed to achieve optimal
interpolation for varying noise levels.

E. Evaluation

To evaluate the feasibility of reconstructing the retina from
iiOCT data, it is essential to determine whether a robotically
executed iiOCT scan can capture the retina’s surface features
in sufficient detail. To this end, we compare our iiOCT grid
scan with a microscope-integrated OCT volume scan, which
is recognized for its reliable, high-resolution intraoperative
imaging in clinical practice. The meshed iiOCT scan point
cloud and the surface of the retina extracted from the OCT
volume scan of the porcine eye are shown in Fig. 7. The
viewing direction of the iiOCT grid scan is aligned with
the depth direction of the microscope-integrated OCT. As
illustrated in the image, the grid scan captures all details
visible in the volume scan.

However, the OCT volumes cannot be used for quantitative
comparisons due to the nonlinear distortion present in extra-
ocular OCT images. These distortions arise from fan scanning,
where A-scans are swept across a scan angle to create a B-
scan, and from the anterior eye segment [14]. Non-optical
imaging modalities like MRI do not suffer from these distor-
tions but lack the desired resolution [36]. In our previous work,
we demonstrated that the size of the point clouds reconstructed
from iiOCT align with the dimensions of the scanned 3D
printed eye shapes, as indicated by the low mean absolute
errors [19]. Therefore, iiOCT scanning enables detailed and
geometrically correct surface scanning.

For this reason, the iiOCT grid scan serves as reference for
assessing the accuracy of local models constructed from tele-
operated exploration data (Fig. 8). Unlike previous work [19],
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Fig. 8: Evaluation concept: The iiOCT grid scan serves as
a reference for assessing the accuracy of the local models.
Cloud-to-mesh comparison is performed using CloudCompare

TABLE I: Optimal experimental smoothing factors for RBF
and splines, along with the nugget value for OK, for various
noise levels ranging from 20 µm to 60 µm added in the
instrument direction. Here, x denotes the number of data points
divided by 103 in the local modeling area

Noise 20 µm 30 µm 40 µm 50 µm 60 µm Ex vivo
RBF 0.65 1 1.45 2 2.6 0.1
OK 0.022 0.038 0.052 0.066 0.078 0.015
Splines 0.5x x 1.7x 2.6x 3.8x -

where error was computed against the known geometry of
3D-printed eye shapes, this study requires the ground truth
geometry to be obtained from the same sensor, as no other
high-precision sensing methods are available. The validity
range of the models is defined by the interior of the convex
hull around the exploration trajectory. The model surfaces are
converted into a fine mesh for cloud-to-mesh comparison with
the reference points. This approach reduces evaluation errors
compared to point-to-point comparison, as utilized in [19].
The software CloudCompare is used to determine the shortest
distance from each reference point to the mesh. From these
distances, metrics such as mean absolute error (MAE), root
mean square error (RMSE), mean, and standard deviation (SD)
are evaluated. Compliance with different maximum errors is
assessed by the percentage of distances below the specified
threshold (50 µm and 100 µm).

IV. RESULTS

A. Optimal modeling parameters

A radial basis function that is less sensitive to parameter
variations is preferred. The quintic kernel exhibits consistent
behavior across various smoothing factors. In contrast, kernels
like cubic, thin plate spline, and Gaussian, which includes
an additional shape parameter ϵ, yield comparable results but
necessitate careful tuning, as minor parameter changes can
greatly affect quality. The optimal smoothing factor is selected
to minimize the mean squared error (MSE). The resulting
smoothing factors for different noise levels using the quintic
kernel are presented in Table I.

The experimental variograms for the staphyloma eye are
illustrated in Fig. 9. The range and sill parameters for different

Distance

Staphyloma

Se
m

iv
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ia
nc

e

nugget range

sill

60s trajectory

120s trajectory

Ground truth

Fig. 9: Experimental variograms for a 60 s exploration, a 120 s
exploration and the staphyloma ground truth points

TABLE II: Optimal range and sill values for OK interpolation
across three eye shapes based on the experimental variograms

Detachment Staphyloma Pointed Porcine Human
Range 5.5 4.5 4.5 3.6 4
Sill 0.22 0.5 0.35 0.16 0.08

eye shapes, derived from the experimental variograms, are
presented in Table II. However, the nugget value appears
underestimated by the experimental variogram, prompting an
examination based on the MSE, similar to the RBF smoothing
factor selection. A nearly linear relationship between noise and
the nugget is observed in Table I.

For splines, the optimal smoothing factor is influenced by
the number of data points, exhibiting a linear trend at a given
noise level (Table I).

Given that the ex vivo iiOCT grid scans capture fine surface
details such as bumps and folds, the model smoothing is
slightly decreased compared to the values obtained in sim-
ulation (Table I).

B. Simulation results

The performance of the methods as exploration time in-
creases is illustrated in Fig 10a. At an exploration time of
120 s, all three methods achieve a compliance rate (100 µm)
of 100% and a MAE below 10 µm. Fig. 10b demonstrates
the impact of increasing noise levels on interpolation accu-
racy, revealing that the B-spline model experiences the most
significant decline in compliance rate.

Table III summarizes the modeling performance across
different eye shapes, considering various noise levels and
exploration times, with sphere fitting serving as a baseline.

C. Ex vivo results

The iiOCT grid scan of the porcine eye in Fig. 1 reveals
details such as retinal folds near the ONH, highlighted in
Fig. 11a, along with smaller irregularities like blood vessels
and bumps. RBF modeling, with a suitably small smoothing
factor, effectively captures these surface details. Fig. 11b
illustrates the enhancement in surface detail achieved during
a 120 s exploration over an area of approximately 55mm2.
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Fig. 10: Simulation results of RBF, OK, and splines on the retinal detachment eye shape

TABLE III: Simulations results: MAE [µm] of RBF, OK, splines and sphere fitting (SF) for various eye shapes, across different
noise levels and exploration times. Bold numerals indicate the most accurate approach

Retinal detachment Staphyloma Pointed retina

RBF OK Splines SF RBF OK Splines SF RBF OK Splines SF

30 s 40.3 63.1 65.1 93.4 24.8 45.8 50.5 208 13.1 31.9 12.3 14.2
20 µm 60 s 12.3 17.5 18.4 88.5 8.7 13.1 17.7 190 6.3 9.7 6.6 14.8

120 s 7.3 10.5 8.0 83.7 7.0 10.6 11.1 180 8.1 5.2 4.9 15.3

30 s 57.3 71.1 72.1 94.6 43.1 49.6 33.5 211 24.7 35.7 7.0 11.6
50 µm 60 s 19.3 25.9 27.8 89.1 13.5 16.9 9.0 192 9.6 13.4 6.8 12.4

120 s 12.2 17.5 17.6 84.3 10.7 15.7 9.3 182 8.8 12.5 5.6 13.7

(a) Fundus of a pig (b) RBF reconstructions with increasing exploration of the porcine eye

Fig. 11: The RBF model progressively reconstructs surface features visible in the fundus image, including the ONH and retinal
folds

The area targeted by the endolaser on the human retina
prior to the iiOCT grid scan is marked in Fig. 12a. It
is important to note that this surface represents the retinal
pigment epithelium (RPE), a typically smooth deeper tissue
layer. Fig. 12b illustrates the enhancement in surface detail
achieved during a 120 s exploration of the human retina. This
aims to evaluate how effectively surface details can be derived
from a teleoperated, ideally brief, exploration.

Fig. 13 illustrates the improvement in local modeling accu-
racy as exploration time increases. A comparison of the two
modeling methods reveals that RBF is more accurate than OK
with fewer data points. Table IV provides a comprehensive
overview of the achieved ex vivo results on the grid scan. On
the human eye, the OK method achieves an MAE of 21.4 µm
and an RMSE of 38.1 µm, compared to an MAE of 75.8 µm
and an RMSE of 125 µm for the sphere fit.

The distribution of the shortest cloud-to-mesh distances for
OK is illustrated in Fig. 14a. The majority of points lie within

TABLE IV: Ex vivo results: MAE, RMSE, mean, SD, max-
imum and minimum error for RBF, OK, and sphere fitting
(SF), along with their compliance rates (CR). Bold numerals
indicate the most accurate approach

Porcine eye Human eye

RBF OK SF RBF OK SF

MAE [µm] 26.5 14.7 198 25.5 21.4 75.8
RMSE [µm] 44.4 19.6 270 43.8 38.1 125
Mean [µm] -0.05 -2.7 -3.4 1.64 -2.11 -0.54
SD [µm] 44.4 19.6 270 43.7 38 125
Max [µm] 280 128 823 287 298 491
Min [µm] -408 -170 -1400 -437 -452 -841

CR100 µm [%] 95.1 99.7 31.7 95.4 96.5 81.8
CR50 µm [%] 85.6 98.3 15.3 86.8 90 50.2

50 µm of the surface, with only a few exceeding 100 µm,
primarily located in areas of pronounced retinal folds. Fig. 14b
displays the uncertainty heat maps for three exploration du-
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(a) Fundus of a human (b) RBF reconstructions with increasing exploration of the human eye

Fig. 12: The RBF model progressively reconstructs surface features visible in the fundus image, including the endolaser target
point
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Fig. 13: MAE and compliance rate improvement with increas-
ing exploration time on a porcine ex vivo eye

rations, along with the reference point clouds color-coded
by MAE, where green coloration indicates absolute distances
close to zero. Gaps in the point cloud indicate that the surface
accuracy does not meet the requirement. The gaps close with
increased exploration, while the OK variance decreases.

The computation time on a CPU (Intel Core i5-1245U,
1.60 GHz, 16 GB RAM) to construct the local models based
on a 120 s exploration is 6.9ms for B-splines, 0.9 s for RBF
and 8.7 s for OK.

V. DISCUSSION

A. Simulation results

RBF modeling excels with sparse, non-uniform datasets
and, when using an appropriate smoothing factor, mitigates
overfitting. It effectively handles noise up to 60 µm, ensuring
reliable surface representation across various eye shapes. The
100% compliance rate for all eye shapes after 90 s underscores
the significance of thorough exploration.

Comparison of OK variograms with exploration and ground
truth data shows that the statistical structure can be estimated
within 1min. In contrast, RBF interpolation uses a fixed kernel
that is not customized for the data. Given their comparable
accuracy, it is essential to acknowledge their close algebraic
link as shown by Scheuerer et al. [30].

The strong performance of B-splines for regular surfaces,
such as the pointed retina, highlights their suitability in simu-
lation. As a local interpolation method, they effectively handle
large datasets, as updates to a model only impact a small

surface area. This reduces computational effort and eliminates
the need to invert large covariance matrices, as required by
OK. However, this advantage comes with edge instabilities and
oscillations. Additionally, the precise and error-prone tuning
of the smoothing parameter, influenced by noise and data
quantity, hampers further investigations.

B. Ex vivo results
The resolution of the RBF surfaces significantly improves

with exploration time. After 2min, all details visible on the
grid scan-based model are discernible. However, the methods
struggle to accurately represent the surface in areas with
overlapping retinal folds. The distance histogram reveals that
these outliers constitute a minor portion of the total cloud,
with most reference points within 50 µm of the model. These
pronounced retinal detachments in ex vivo eyes arise from
rapid post-slaughter degeneration. Less severe detachments are
anticipated in human in vivo eyes.

For both RBF and OK, the MAE drops below 40 µm after
120 s, achieving a compliance rate exceeding 90%. This is
benchmarked against the accuracy achievable when modeling
the dense iiOCT grid scan, which is approximately 20 µm. The
accuracy difference between our models and the state-of-the-
art sphere fitting is evident, as the sphere fit averages many
surface details to capture global geometry, whereas the the
local methods aim to approximate these details.

For the intra-ocular trajectories, the OK variance of the
examined area is represented as a heat map. The color-coded
point clouds show that most modeling inaccuracies occur in
areas with higher OK variance. This observation suggests
that variance information could offer insights into the surface
exploration required for a reliable model.

None of the methods can filter or disregard outliers. In
real-world distance measurements with an iiOCT fiber, errors
may arise from factors such as blood or detached tissue
fragments [37]. Thus, stable and robust distance measurement,
followed by data filtering, is crucial before modeling. Addi-
tionally, while the models can perform interpolation, they are
unsuitable for extrapolation.

In conclusion, our proposed methods successfully model
complex micro-anatomical surfaces. Future work will focus on
integrating these models into the Geyedance robotic platform
to provide model-based assistance, including virtual bound-
aries [13], thereby improving safety in delicate ophthalmic
procedures.
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Fig. 14: OK surface fitting results on the porcine eye

C. In vivo movements

One factor affecting the precision of in vivo iiOCT-based
surface reconstruction is patient head movements, including
involuntary retinal movements [38]. Despite general anesthe-
sia, the eye moves in response to respiration and heartbeat.
Cereda et al. analyzed the in vivo iiOCT data from a static
sensor in five patients, revealing repetitive movements patterns
with amplitudes of approximately 10 µm for heartbeat and
20 µm for breathing [6]. Notably, one snoring patient exhibited
an amplitude of 100 µm. In a related study, McCannel et
al. found that during 37 procedures under local anesthe-
sia with snoring, 18 patients suddenly moved their heads,
compared to only 1% of procedures without snoring [39].
While models can compensate for predictable quasi-periodic
movements [40], unexpected non-periodic movements, such as
skipped heartbeats or sudden snoring-related movements, pose
greater challenges for compensation. Additionally, our pre-
surgery modeling approach does not account for intraoperative
tissue changes.

VI. CONCLUSION

In conclusion, this research effectively integrates fiber-
based distance sensing with instrument tracking for precise
surface reconstruction in eye surgery. Our findings demonstrate
that the proposed methods are well-suited for modeling non-
uniform point clouds, with RBF interpolation demonstrating
superior stability and accuracy in both simulations and ex vivo
data. This work does not address in vivo movements, such as
involuntary eye motions from heartbeat and breathing, which
remain significant challenges and will be addressed in future
work. While periodic movements can be modeled, unexpected
motions complicate compensation. The significance of this
research lies in its potential to enhance intraoperative feedback
modalities, facilitating more precise instrument manipulation.
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