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Abstract— In medical robotics, biological shape deformation
resulting from arbitrary tool-tissue interaction commonly oc-
curs and motivates the need in microsurgery to predict the
shapes of tissue structures. However, handling deformation is
challenging due to the lack of generalized prediction mod-
els for various surgical scenarios, complex tissue properties,
and different surgical tool geometries. Limited intraoperative
sensors to observe microlevel deformations further underscore
this difficulty. This paper proposes a novel geometric data-
driven framework that uses only the robot palpation tooltip
movement and a pre-deformed surface to predict the tissue
deformation by using the optical coherence tomography (OCT)
sensor. A multilayer perceptron model is trained to learn tool-
tissue physics and predict the shape from the given robot-tool
configurations represented as orientations and displacements.
We conducted realistic experiments to verify the models using
phantoms of various stiffness and three ex vivo tissue types, with
average prediction errors of approximately 0.15 mm and 0.52
mm respectively. This OCT-guided data-driven platform en-
ables micro-scale palpation data collection and model training,
and is broadly applicable to soft-tissue research in biomedical
engineering and surgical robotics.

I. INTRODUCTION

Tissue deformation can normally occur from many mech-
anisms intrinsically and extrinsically in biological systems.
For example, in retinal surgery, an accurate shape prediction
model can assist in intraoperative visualization and surgical
planning to track tissue deformation resulting from the tip of
the needle [1], [2]. The complex mechanics and microscopic
scale of these nonlinear deformations present significant
challenges in microsurgical environments, where surgeons
find it increasingly difficult to anticipate tissue response
prior to physical manipulation. Thus, accurately modeling
and managing the behavior of such delicate tissues becomes
an essential problem in robotic microsurgery.

Soft tissue surfaces can exhibit complex three-dimensional
(3D) morphological behaviors governed by tool geometry,
inherent mechanical properties, and local surface conditions
[3], [4], [5]. For example, in teleoperated microsurgery,
robotic palpation and interpretation of deformations are
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Fig. 1: OCT-guided tissue shape prediction from one-time
robot palpation. (a) Data collection platform for OCT-guided
robot palpation. (b) OCT-DeformNet to map a tooltip move-
ment and a pre-deformed surface to a post-deformed surface.

critical to compensate for surgeons’ lack of direct haptic
feedback [6]. While research has advanced for the topics of
subsurface abnormality detection [7], tumor reconstruction
[8], segmentation [9], and stiffness-based classification [10],
achieving accurate shape prediction remains a challenge
due to significant inter- and intra- tissue variability under
dynamic tool-tissue interactions [11]. Thus, the primary
challenges in robotic soft-tissue palpation can be catego-
rized as follows: 1) modeling complex tool-tissue interaction
properties; 2) characterizing tooltip dynamics under various
orientations and displacements; 3) selecting intraoperative
sensors capable of high-fidelity deformation capture; and
4) developing adaptive modeling frameworks suitable for
diverse surgical scenarios.
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A. Challenges of robot palpation for tissue shape prediction

Complexity of robot tooltip movements in palpation: The
complexity of tissue deformation in robotic palpation arises
from the nonlinear, real-time, and the stochastic nature of
tool-tissue interactions [12]. Variations in tooltip kinematics,
including position, orientation, and tool geometry, can induce
various types of deformation patterns. These complexities
hinder the generalization of deformation models across di-
verse surgical instruments and robotic control strategies.
Limitations of contact sensing: To provide accurate tissue
prediction models, sensory systems are important in predict-
ing tissue deformation by providing multimodal data that in-
form the robot control system [10]. Most prior work focused
on the use of force and tactile feedback to develop prediction
models [13], [14], [5]. For example, tactile sensors observe
fine-grained local deformations, while force feedback pro-
vides larger-scale resistance and kinesthetic sensations that
allow a user or robot to understand and control the overall
change in shape [15]. However, integrating force and tactile
sensors directly into surgical tools is difficult. In minimally
invasive surgery, sensors must be miniature, sterilizable, and
robust for clinical use, which can often be neither practical
nor cost-effective [16]. In addition, this sensory feedback
remains insufficient for developing accurate, environment-
specific models because indirect data cannot fully reconstruct
complex 3D deformations [17]. Furthermore, indirect sensing
often introduces prediction inaccuracies driven by complex
tool-tissue interactions [12], hindering model generalization
across heterogeneous anatomical structures.
Challenges with tissue deformation simulation: Predicting
soft tissue deformation remains challenging due to inherent
tissue complexities and unpredictable surgical dynamics,
which frequently result in model inaccuracies and limited
generalizability [18]. Although physics-based approaches,
such as the Finite Element Method (FEM), offer high
accuracy through mesh discretization, they often rely on
idealized isotropic assumptions and suffer from high com-
putational costs, making it difficult for real-time applications
[19], [20]. The method of Position-Based Dynamics (PBD)
provides an efficient alternative by modeling tissue as a
system of interacting particles to simulate elasticity and
tearing [21], [22], [23], [24]. However, both methods struggle
to capture anisotropic or nonlinear behaviors and complex
particle interactions, particularly as computational costs scale
prohibitively with data volume and scene complexity. Nev-
ertheless, our proposed method was inspired by the idea of
discretization of points on the surface, which allows a data-
driven approach to model the deformation behavior of each
point directly from tissue sensor data.
Strengths of data-driven methods: Recent research in data-
driven methods for modeling soft tissue deformation offers
significant benefits, primarily by overcoming the limitations
of traditional physics-based approaches and providing greater
generalization capability for complex surgical scenarios [25],
[18], [14]. Unlike conventional physics-based approaches,
data-driven methods can be directly applied for complex

tissue models without requiring explicit assumptions about
anisotropic properties that are difficult to model accurately
with standard formulas. In addition, recent advances in deep
learning technologies significantly accelerate and improve
the precision of soft tissue deformation modeling by offer-
ing faster real-time predictions and capabilities of handling
complex real-world data [26], [27]. However, these end-to-
end models require raw sensory data to train a large-scale
model that can be computationally expensive [28].

B. OCT-guided data-driven modeling for shape prediction

Unique role of Optical Coherence Tomography: The
limited capabilities of intraoperative sensors in microsurgery
require a high-fidelity perception system to capture mi-
crostructure deformation. Conventional 3D sensors at the
surface-level, such as the RGB-D depth camera, stereovision,
3D structured light, or laser scanning, are limited to capturing
only the superficial layers of the surface [29]. These sensors
also pose challenges when performing high-resolution scan-
ning, mainly resulting from fundamental physical and techni-
cal constraints. This motivates the use of optical coherence
tomography (OCT), a non-invasive imaging modality that
uses low-coherence interferometry to detect reflected light
and generate depth-resolved tissue maps with micrometer-
level precision. By capturing volumetric information, OCT is
well suited to measure micro-deformation induced by palpa-
tion [30], [31], and recent advances in OCT-guided surgery
have stimulated algorithm development to handle dynamic
surgical environments under tissue deformation [32].
OCT-based data-driven shape prediction model: In light
of the challenges with modeling approaches and sensor
limitations in capturing tissue microstructures, we develop
“OCT-DeformNet”, a novel data-driven framework to solve
the shape prediction problem in robot palpation. By com-
bining OCT-derived data, position-based dynamics (PBD)-
inspired modeling strategies, and deep learning methods,
we propose a novel geometric data-driven approach to map
tooltip movements and initial surface shapes to the resulting
post-deformed states. This framework discretizes the tissue
into individual “particle-agents” and uses a multi-layer per-
ceptron (MLP) to predict displacement vectors based on
tooltip movements. By processing local geometric features
and tooltip motion as inputs, the MLP estimates the dis-
placement vector for each particle agent. The collective dis-
placement of these particles reconstructs the post-palpation
surface morphology, which can be used to effectively predict
the surface deformation patterns directly from OCT data. In
summary, the research contributions are:

• A robust OCT data collection framework for palpation-
induced tissue deformation that captures a high-
dimensional tooltip workspace across diverse orienta-
tions, displacements, and heterogeneous tissue types.

• A novel geometric data-driven model that predicts post-
deformation surfaces using only tooltip movements and
initial surface morphology. This multilayer perceptron-
based (MLP) framework enables real-time inference for
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Fig. 2: (a) System configuration and the calibration model. (b) Overview of various marker poses for system calibration, the
3D reconstruction of the marker point cloud, and the transformation of the robot-EE to the tooltip. (c) Error boxplots of the
calibration errors from the training (fitting) and the testing marker poses (different from the fitting model). (d) Finite element
analysis for the maximum tool deformation with a 12N force applied at a 45-degree tilting angle (deformation enlarged 30
times than the actual deformation for visualization). (e) 3D surface reconstruction from sequential OCT B-scan images.

surgical planning and simulation in OCT-guided mi-
crosurgery without requiring prior knowledge of tissue
properties or tool geometry.

• A validation approach on tissue phantoms and ex vivo
tissues with live OCT data and real robot palpation.

II. METHODS

A. System hardware

The system incorporates an UR5e robot arm (Universal
Robots) with a surgical tool attached to the end-effector for
robot palpation, a deformable tissue (phantom or ex vivo
tissue), a tabletop OCT scanner and a color camera (Fig. 1).

1) OCT engine: We built a custom 1064 nm swept-source
OCT engine with a Mach-Zehnder topology fiber interfer-
ometer and captured data using a balanced photoreceiver
(Thorlabs) and a 1 GS−1 digitizer (ATS-9364; AlazarTech)
using dual-edge sampling. For data collection, we used
a 400 kHz source (Thorlabs) with an axial resolution of
approximately 5 µm in air. The axial pixel pitch (for surface
reconstruction) was calibrated as approximately 30 µm (after
image resizing). The OCT covers a scanning region of
approximately 37.4× 37.4 mm2 area with a depth of about
10.2 mm, and a lateral resolution of about 0.11 mm. Each
OCT volume takes approximately 1.0 seconds to acquire.

2) Robot tooltip design: A tool was attached to the robot
end-effector to cover the palpation orientations ranging from
[−25, 0] degrees in tilt and [−30,+30] degrees in sweep,
both defined with respect to the robot base frame. The tool
was designed with a curved geometry to minimize vision

occlusion and ensure tool position accuracy even under
large palpation forces. The tooltip was designed with 10mm
length and 1.0 mm thickness. Three fiducial markers were
attached in the middle of the tool to estimate the EE-to-
tooltip transformation (Fig. 2b). The tool was 3D printed
with glass-reinforced resin (Rigid 10K; Formlabs) to ensure
exceptional stiffness and accurate manufacturing. A finite
element analysis (FFEPlus iterative solve FEA solver) was
performed to estimate the maximum deformation under a
force of 12N with a 45-degree orientation towards the tip
center (Fig. 2d). The maximum deformation was 0.30 mm.

3) OCT surface reconstructions: The OCT sensor col-
lects sequential cross-sectional (B-scan) images of the entire
scanning space. Each image was smoothed with a Gaussian
filter for noise suppression, and the superficial layer was
segmented by extracting the maximum-intensity pixel along
each column. The stitching of the segmented B-scan image
formed a surface (Fig. 2e).

B. System calibration

We performed a system calibration to estimate the Tool-
to-Base and OCT-to-Base transformation (robot base frame
as the world frame). We adjusted the conventional hand-
eye calibration approach [33] and used three calibration
markers to formulate a chessboard pattern attached to the
tool (Fig. 2b). This formulates an optimization problem to
calculate the optimal Tool-to-EE (TEE

Tool) and OCT-to-Base
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(TBase
OCT ) transformation (Fig. 2a):

F = f( TBase
OCT ; TEE

Tool; TBase
EE (qcalib) )

= TBase
OCT pOCT

marker − TBase
EE (qcalib)T

EE
marker pmarker

(1)
Where pmarker is the homogeneous vector and TBase

EE (qcalib)
is the Base-to-EE transformation with the joint configuration
qcalib. The q ∈ R6 is a vector of joint variables. For the
calibration, the robot-controlled tools were moved to various
poses that covered translations and orientations associated
with OCT scans. We obtain the cost function as:

min
TBase
OCT , TEE

marker

∑
i

|| Fi( T
Base
OCT ; TEE

marker) ||22 (2)

The pOCT
marker is the homogeneous position vector (center

labeled from the OCT surface reconstruction) and pmarker

is described by the marker coordinate (in the {marker}
frame). We used the MATLAB optimization solver with
the “Levenberg-Marquardt” algorithm to solve Eq. 2. The
origin of the tooltip frame was determined by applying the
optimal TEE

marker and marker-to-tip transformation (obtained
from the CAD model), and the orientations of the three axes
are the same as the robot-EE (Fig. 2b). Thus, the information
associated with tooltip movement and tissue deformation can
be described in a single frame to train the prediction model.

C. MLP forward prediction with OCT-DeformNet

We implemented a fully-connected multilayer perceptron
(MLP) framework to serve as the shape predictor. While
Graph Neural Networks (GNNs) can capture tissue topology
through message-passing layers, this comes at significant
computational cost that hinders real-time performance [34],
[35]. Instead, MLP provides a computationally efficient and
lightweight alternative for tasks where inference speed is
important in OCT-guided microsurgery. Thus, this study uses
the MLP to demonstrate model feasibility. The MLP consists
of four fully connected layers with 128, 128, 64, 32 neurons
in each successive layer. The first half of the MLP input in-
corporates the tooltip movement, which is represented as the
palpation vector from the palpation center to the target tooltip
position (Fig. 3b). Notably, this palpation vector represents
both the tooltip displacement and the orientation. The second
half of the MLP input includes the tissue states by which
the local geometry of the tissue relative to the center point
can be described by a point-to-center displacement vector
(Fig. 3b). Given a robot palpation center point and a pre-
deformed surface point cloud, we have:

∆doutput = fMLP ( ∆Xrobot, ∆Xtissue). (3)

Where ∆Xrobot ∈ R3 and ∆Xtissue ∈ R3 represent the
tooltip movement and the tissue state. ∆doutput ∈ R3 de-
notes the displacement vector from the predeformed surface
point. For the updated displacement, we have:

pk+1 = pk +∆doutput, (4)

where pk and pk+1 denote the pre-deformed and post-
deformed surface point updated by the displacement vector

predicted from the MLP. The summation of all the points
formulates an updated post-deformed surface denoted as a
point cloud object.

1) Loss function: The shape prediction is modeled as a
regression problem where the predictor is represented by
the MLP. We applied the Mean Squared Error (MSE) loss
function to calculate the average of the squared differences
between the predicted and the true displacement vectors,

LMSE =
1

N

N∑
i=1

||yi − ŷi||22, (5)

where yi ∈ R3 denotes the predicted displacement vector
and ŷi ∈ R3 represents the labeled vectors extracted from
the OCT data through preprocessing in Fig. 3a. This model
maps the movement of the robot and a pre-deformed surface
directly to the post-deformed surface without providing the
knowledge of tissue properties and tool configurations.
MLP training: The MLP model was trained with Nvidia
RTX A2000 12GB GPU on Windows 10 with the Pytorch
deep learning framework. We trained the model with 60
epochs and selected the last one for the testing experiments.

D. OCT data collection and analysis

To train OCT-DeformNet, we developed a data collection
platform to achieve palpation in arbitrary patterns. A prede-
formed surface was first scanned by the OCT sensor. The
center of the surface was selected as the palpation center.

1) Local surface geometry: We define a local coordinate
frame at the palpation center following the same axis orien-
tations as the robot base frame (Fig. 3a). This standardized
definition enables the model to be used in different robot co-
ordinate systems. To mitigate data bias arising from varying
deformation magnitudes across the tissue surface, we defined
a fixed region of interest (ROI) around the palpation center
that captures the dominant deformation field.

2) Tooltip movement space (robot inputs): We define a
sequence of tooltip movements to achieve robot palpation
covering tilting angles from -25 to 0 degrees and sweeping
angles of -30 to 30 degrees (around the vertical axis in the
local frame) at the palpation center (Fig. 3a). For each ori-
entation set, the tool was controlled to perform a penetration
displacement ranged from 0.0 to 8.0 mm (limited by the
maximum imaging depth of the OCT sensor).

3) Post-deformed surface processing: With a stop-and-
scan strategy, the robot induced palpation-based tissue de-
formation and remained stationary during OCT acquisition.
As the tool caused vision occlusion within the OCT field-
of-view and produced a well-described complex-conjugate
artifact, we transformed the points of the tool (from CAD
models) to the base frame using robot kinematics and cal-
ibration information, as shown in Fig. 3. The point cloud
within the convex hull formulated by the tool boundary was
removed to eliminate vision occlusion [36].

4) Local tissue geometry (tissue inputs): As the initial tis-
sue shape significantly influences how it deforms in response
to pressure, local geometric information is needed to serve
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Fig. 3: Summary of the data analysis workflow and the MLP model. (a) The analysis workflow for calculating the MLP
inputs and labels. The local frame is initially defined around the palpation center and the tooltip movement is described by
the palpation vector encoding both the displacement and the orientation. Step-1 to Step-6 shows the workflow to remove the
pointcloud from the vision occlusion (some pointcloud outliers would remain due to the offset of the system calibration),
calculation of the tissue states, and the representations of displacement vectors (labels). (b) The MLP model maps the inputs
of a pre-deformed surface and a tooltip movement described by the palpation vector to the post-deformed surface.

as inputs to the MLP. Although existing solutions, such as
variants of the graph neural network and 3D convolutional
neural networks, have been proposed to solve this problem
[34], encoding spatial information in the neural network
remains a challenging problem [37]. Additionally, calculating
the relation between a query point and other data points
can be computationally expensive due to the complexity of
the distance metric, the size of the surface data, and the
lack of efficient indexing [38]. Thus, we used the point-to-
center vector to represent the geometric information between
a query point and the palpation center (Fig. 3a step-5).

From a practical standpoint, our framework treats each
query point within the point cloud as an independent agent.
While this approach currently does not capture complex
global tissue geometries, we adopt the reasonable assumption
that local surgical sites often approximate a planar surface
within a small region-of-interest (versus a large-area surface).

5) MLP model outputs and labels: For each data point
from the surface, a single point in the pre-deformed surface
can be matched to multiple points in the post-deformed
surface. Thus, we developed a reference plane that follows
the same palpation orientation to calculate the displacement
vector. The points of the pre- and post- deformed surfaces

were first projected to the reference plane (Fig. 3a step-4).
The point correspondences were built using the k-Nearest
Neighbors (KNN) algorithm in MATLAB, which was used to
calculate the displacement vector (from pre- and post- point
correspondence). These vectors served as MLP outputs and
training labels in the datasets (Fig. 3a step-6).

III. EXPERIMENTS

A. System calibration verification

For system calibration, we collected OCT scans of the
fiducial markers with 42 poses to cover the orientation and
positions. For training (fitting), Eq. 2 was solved to estimate
the optimal Tool-to-EE and OCT-to-Base transformation. The
reprojection errors were reported as 0.25 ± 0.13 mm. For
testing, we collected a new dataset with 20 robot poses
and OCT scans. The optimal Tool-to-EE and OCT-to-Base
transformation was applied to calculate testing errors, with
an average value reported as 0.49± 0.19 mm (Fig. 2c).

B. MLP model training and inference performance

The MLP training performances are shown in Fig. 4c
with three different random seeds. We selected the default
random seed to report the model performance result in
Fig. 4d. In addition, we evaluated the MLP models across
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Fig. 4: Summary of phantom and ex vivo studies. (a) The tissue models from left to right are 1) soft stiffness phantom, 2)
middle stiffness phantom, 3) hard stiffness phantom, 4) chicken tissue, and 5) porcine tissue. (b) The loss curves of the MLP
training (with three random seeds). (c) The error curves of the MLP training (with three random seeds). (d) Histogram of
the L2-norm vector offsets (equivalent to the updated point offsets between the prediction and the true ones). The default
random seed is selected. (e) Represented surface measurements of each tissue type under 8 mm palpation. (f) Deformation
prediction of phantom-soft and porcine models (red: true targets, blue: prediction) and the visualization of the vector offset
and point-to-point error (pre- and post- difference). A portion of the point cloud was removed from vision occlusion and
thus the MLP model cannot achieve accurate prediction at the region obscured by the tool.

various point cloud sizes (densities) for inference speeds,
using five tissue models (pre-deformed surface) reconstructed
from post-processed OCT data (Table. I). The pre-processing
incorporates the procedure of organizing the pointcloud data
to the standardized format of MLP inputs.

C. Error evaluation metrics

For each tissue object, we collected a testing dataset from
various palpation configurations (for both the phantom study
and ex vivo model) and various surfaces (ex vivo only).
Palpation vectors, center-to-query vectors (tissue geometry),
and displacement vectors were calculated in the testing
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dataset. The trained MLPs were applied to calculate the
predicted vectors. As an MLP regression problem, the error
was computed as the L2-norm between the predicted and
the true vectors from testing dataset. This L2-norm error is
also equivalent to the distance between the predicted and true
points after deformation. The same metric applied for both
the phantom and ex vivo studies.

TABLE I: MLP model inference time (average with 1000
repeated measurements) with various pointcloud densities
(testing GPU: NVIDIA RTX A2000 12GB).

Points (N) Prediction (ms) Preprocessing (ms)

Density Mean SD Mean SD Mean SD

Low 9877 839 0.70 0.47 0.22 0.42
Medium 39005 3780 1.77 0.55 1.01 0.40
High 109087 4586 4.95 1.39 3.52 0.53

D. Experiment-1: Phantom study

1) Phantom designs: We performed the phantom study to
evaluate OCT-DeformNet for shape predictions. We devel-
oped three phantom models manufactured with Silicon 40A
(Formlabs) material. We designed an empty media layer to
produce various stiffness levels, described as phantom-soft
(large empty media with 2.0 mm thickness), phantom-middle
(empty media with 6.0 mm thickness), and phantom-hard (no
empty media). The CAD design is shown in Fig. 2a.

2) Training and validation: We formulated the training
datasets through robot palpation within a tooltip movement
space. We applied orientations with tilting angles ranged
from -24 to 0 with a step size of 6 degrees, and sweeping
angles ranged from -30 to +30 with a step size of 12 degrees.
Once the orientation vector was determined by the tilting and
sweeping angles, the palpation distance was selected with
a range from 0.0 to 8.0 mm and a step size of 0.8 mm.
The scanning regions were selected as rectangular region
of interest (ROI) of 16 × 16 mm for the soft and middle
phantom and ROI of 10 × 10 mm for the hard phantom
(due to very small deformation). The pointcloud was first
downsampled (grid step: 0.5mm) to minimize the number of
points within a small ROI (avoid overfitting of the MLP) and
an approximately 600 data points were formulated for each
scan. The MLP training results are shown in Fig. 4b-c.

3) Testing studies: With the same predeformed surface,
we collected a separate testing dataset using the palpation
settings of the tilting angles ranged from -21 to -3 with a
step size of 6 degrees, the sweep angles ranged from -24
to +24 with a step size of 12 degrees, and the penetration
distance ranged from 0 to 8.0 mm with a step size of 0.8
mm. The error statistics are reported in Fig. 4d. The average
testing errors for the three phantom are reported as 0.16 mm
with a standard deviation (SD) of 0.34 mm (soft), 0.15 mm
with a SD of 0.36 mm (middle) and 0.13 mm with a SD
of 0.32 mm (hard). The average point error contributes less
than 10% of the maximum penetration depth.

E. Experiment-2: Ex vivo tissue study

1) Training and validation: We developed a similar OCT
data collection method for various types of ex vivo tissue.
Two types of ex vivo tissues (porcine, chicken) were used.
The same workflow as in the phantom study was applied
to collect data for the ex vivo tissue model, including the
same configurations for tilting, sweeping, and penetration
distance. Unlike the phantoms, palpating ex vivo tissue was
more challenging since the surface did not always recover to
its original, and therefore a single contact spot cannot be used
repeatedly. Instead of a single palpation center, we resampled
the surface with a fixed step size of 10 mm for multiple point
candidates. Each point was only used for one tilting angle
associated with all the sweeping ones. The scanning region
for the ex vivo tissue model was a 10× 10 mm square ROI.

2) Testing studies: We used a completely different tissue
surface (unused during training) to formulate the testing
dataset. The same setting was applied (as in phantom) for
the testing of ex vivo tissue. The results show average errors
of 0.55± 0.50 mm and 0.49± 0.42 mm for the chicken and
porcine tissue models, respectively.

IV. DISCUSSIONS AND CONCLUSIONS

We proposed an OCT-guided data-driven method to predict
soft tissue deformation under palpation. The experimental
results in phantom and ex vivo tissue studies demonstrate the
feasibility of using OCT-DeformNet for soft tissue deforma-
tion. The reduced accuracy from phantom to ex vivo tissue
models is due to the inherent inhomogeneity of biological
tissue and the variability of tissue response from the same
palpation patterns. Additional complexities from the vision
occlusion problem also contribute to errors due to partial data
removal from the collected ones. Nonetheless, the prediction
model with this sub-millimeter accuracy can be used in
providing real-time visualization and surgical planning.

For potential clinical applications, the proposed OCT-
guided tissue deformation prediction model provides a ro-
bust, data-driven alternative to traditional physics-based ap-
proaches in robot-assisted microsurgery, effectively address-
ing intra-class tissue variability where standard models often
fail to bridge the pre-to-intraoperative gap. This framework
facilitates the efficient development of patient-specific mod-
els through a streamlined “collect-train-deploy” workflow
that captures realistic tissue deformation physics directly
from intraoperative interactions, eliminating the need for
prior knowledge of complex tissue mechanics.

In summary, we used an entirely data-driven method to
model tissue deformation resulting from robot palpation. A
multilayer perceptron network was implemented for shape
prediction with inputs of tooltip movement and tissue geom-
etry, and can predict the displacement vector from a given
point on the surface. Future work will focus on optimizing
the scanning strategy to improve the efficiency of OCT data
collection, and the exploration of MLP model parameters to
improve the learning performances.
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