IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 8._AUGUST 2025

8 7795
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

Image-to-Force Estimation for Soft Tissue Interaction
in Robotic-Assisted Surgery Using Structured Light

Jiayin Wang ¥, Mingfeng Yao”, Yanran Wei

Abstract—For Minimally Invasive Surgical (MIS) robots, ac-
curate haptic interaction force feedback is essential for ensuring
the safety of interacting with soft tissue. However, the major-
ity of existing MIS robotic systems cannot facilitate direct mea-
surement of the interaction force with hardware sensors due to
space limitations. This letter introduces an effective vision-based
scheme that utilizes a One-Shot structured light projection with
a designed pattern on soft tissue coupled with haptic informa-
tion processing through a trained image-to-force neural network.
The images captured from the endoscopic stereo camera are an-
alyzed to reconstruct high-resolution 3D point clouds for soft tis-
sue deformation. The proposed methodology involves a modified
PointNet-based force estimation method, which has demonstrated
proficiency in accurately representing the intricate mechanical
properties of soft tissue. To validate the efficacy of the proposed
methodology, numerical force interaction experiments were con-
ducted on three silicon materials with varying stiffness levels.
The experimental results substantiate the efficacy of the proposed
methodology.

Index Terms—Force estimation, haptics, surgical robots, vision-
based measurements, deformable objects.

1. INTRODUCTION

INIMALLY Invasive Surgery (MIS) robotic systems rep-
M resent a formidable frontier in contemporary medicine,
offering reduced tissue trauma and improved operational
safety [1]. However, these systems often prohibit direct haptic
sensing between the surgeon and soft tissues, thereby increasing
the risk associated with real-time force interactions. Therefore,
haptic force sensing in such scenarios has become an essential
requirement [2], [3].
The primary methods for haptic force sensing include [4]:
additive force sensor-based measurement and sensorless force
estimation. In [5], [6], [7], force sensors are mounted on the
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end-effectors of surgical robots to directly measure interaction
forces. Alternatively, in [8], sensors are affixed to the surface of
the tissue itself. While these methods provide intuitive opera-
tion and high measurement accuracy, their clinical application
remains hindered by challenges such as cost constraints, limited
installation space, and inadequate resistance to high tempera-
tures and corrosion [9].

To address these limitations, sensorless force estimation
methods have been developed. In previous work [10], the dy-
namic information of the robot was utilized to estimate external
interaction forces. In [11], the mechanical properties of the
deformable environment were integrated with the robot dy-
namics to improve the accuracy of the estimation. Although
these dynamic models-based robotic methods are both effective
and non-reliant on additive sensors, they inherently rely on
precise modeling of the dynamics of the surgical robot. An-
other indirect force estimation approach is vision-based force
estimation (VBFE) methods which refers the force from the
model of deformable objects and the displacement of the surface.
In [12], a method to predict surface force and friction coeffi-
cients by embedding marked elastomers in silicone membranes
was proposed. However, model-based VBFE methods are not
appropriate for real-time applications due to the requirement of
inaccessible a priori knowledge of the reference shape and the
mechanics information [13], [14].

Utilizing the versatility of deep learning methods to model
complex deformation, learning-based VBFE methods are de-
veloped [15], [16], [17]. In [18], a force estimation method
is proposed via time-delayed neural networks and Gaussian
processes based on dynamic vision sensors. In [19], the surface
deformation is modeled using cubic B-splines combined with
an energy minimization strategy, while the visual-geometric-
force relationship is learned through a recurring neural network
(RNN). However, the aforementioned methods are primarily
limited to push actions, overlooking the more complex force
estimation required for pull (traction) tasks, which represent a
particularly challenging scenario in MIS systems.Tissues under
tension exhibit limited deformation texture, hindering traditional
image-based methods from capturing sufficient surface features
for accurate force prediction.This study aims to propose a
method that effectively predicts both tensile and compressive
forces on tissues during surgery, capturing the overall force
distribution rather than localized forces.

Towards the goal of practical vision-based force estimation in
MIS systems, two major technical challenges arise: 1) How to
establish a vision-based force estimation framework suitable for
scenarios where a surgical robot interacts with texture-deficient
soft tissues, particularly during pulling tasks, which are both
more challenging and common in surgical procedures (e.g.,
suturing, cutting); 2) How to model the complex displacement-
force relationship and train it using a high-quality custom dataset
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specifically designed for this task, acknowledging the well-
known difficulty in collecting datasets for physical interaction
in medical contexts.

During surgical procedures, information on the forces ex-
erted on tissues is essential for protecting patients. However,
due to constraints in assembly space and high costs, most
current surgical robots are not equipped with high-precision
force sensors. Currently, numerous methods can estimate the
interaction force between robots and tissues using image and
joint information. These methods provide interaction force data
during surgical actions such as grasping and pressing, aiding in
the protection of the target tissue [20], [21], [22], [23]. However,
most of these studies focus on predicting forces when tissues
are under compression, with little attention given to predicting
tensile forces, despite tissues frequently experiencing tension
during surgery. Meanwhile, some vision-based approaches can
effectively predict tensile forces on tissues [24], but these meth-
ods rely on passive vision reconstruction, whose accuracy is
limited by the inherently low-texture characteristics of soft
tissue surfaces. As a result, these methods typically estimate
forces only at instrument contact points—where localized de-
formation provides visual features—while failing to capture
the global deformation of smooth soft tissues, thereby limiting
their applicability to real-world MIS scenarios. In addition,
passive vision-based approaches are highly sensitive to camera
viewpoint changes, with estimation errors increasing by up to
20% when the viewing angle shifts [24]. Furthermore, methods
such as [21] require precise camera calibration and are sensitive
to system variations. These limitations hinder their application
to laparoscopic systems using stereo endoscope configurations.
To address the limitations of existing methods in robot-assisted
laparoscopic surgery, we propose a novel VBFE framework that
actively reconstructs the 3D surface of soft tissues under texture-
deficiency and frame-rate constraints. The main contributions of
this work are summarized as follows:

1) A custom-designed one-shot fringe pattern based on

a DeBruijn sequence encodes spatially unique struc-
tured light information, enabling dense and reliable
3D point cloud generation from a single stereo RGB
frame.

2) Then, a modified PointNet-based regression network is
developed to learn the mapping from deformation to
force. Architectural improvements on the network includ-
ing the Exponential Linear Unit (ELU) activation func-
tion, a regression-oriented output layer, and the Nadam
optimizer—enhance training efficiency and predictive ac-
curacy.

3) Finally, a custom dataset of paired 3D point clouds and
force measurements is constructed for training, and ex-
tensive experiments on a commercial laparoscopic MIS
robot platform validate the effectiveness of the proposed
framework across soft tissues with varying stiffness levels.
Unlike existing temporal neural networks (TNN)-based
methods [23], the proposed method eliminates the need for
temporal information or high-speed sensors and enables
dense point cloud recovery from a single image.

The outline of the letter is as follows. Section II outlines the
necessary preliminaries and defines the problem. Section III
details the proposed VBFE framework. Section IV presents
experimental results from a real-world force interaction task
conducted with the Toumai laparoscopic MIS robots. Finally,
Section V concludes this letter.
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II. PRELIMINARIES

The VBFE methods typically consist of three coupled mod-
ules: force-deformation modeling, 3D visual reconstruction, and
model learning. Each component involves a variety of existing
algorithms. This section introduces the general VBFE frame-
work and provides the relevant background and foundational
algorithms for each component, along with a summary of the
limitations of current methods in laparoscopic MIS platforms,
as discussed in the subsequent problem formulation.

A. Force Model for Deformable Tissue

Classical constitutive models are used to describe the defor-
mation behavior of different materials under external interaction
forces, as follows

U:f(€)7 (1)

where o and e represent the stress and strain of the deformable
object, respectively. Constitutive models based on the mechani-
cal assumptions of the materials are used to infer the interaction
force estimate including the elastic models, hyperelastic models,
and viscoelastic models.

A kind of accurate model for capturing the time-varying
behavior of the soft tissues is viscoelastic models including the
Maxwell model and the Kelvin-Voigt model. The two models
can effectively describe the stress relaxation behavior and the
creep behavior of viscoelastic materials, respectively. These two
models are formulated as Eq. (2) and Eq. (3).

de 1 do o
% = E X E + ;7 ()
U(t) = Ee—i—n%, 3)

where ) and E are the viscosity coefficient and elastic modulus,
respectively. In surgical simulations, Finite Element Analysis
(FEA) tools formulate constitutive models to analyze soft tissue
deformations by decomposing displacement fields. However,
FEA’s complexity and high computational cost hinder its use
in real-time VBFE for surgical robotics. Moreover, model-based
force estimation relies heavily on prior knowledge of mechanical
parameters, which are often difficult to acquire accurately.

B. Vision Reconstruction

The methods presented in this letter for VBFE rely on image-
based vision reconstruction. Dense point clouds, generated via
active or passive sensing, enable high-resolution 3D recon-
struction, capturing detailed shapes of deformable objects. In
most laparoscopic surgeries, endoscopes use standard stereo
cameras, such as the commercial DFVision endoscope featured
in this study. Different from traditional structured light methods,
the proposed approach does not require utilizing the matching
relationship between the projector and the camera; instead, they
capture images of the same scene from two different viewpoints
(i.e., left and right) using a stereo camera configuration [25].
Depth information is then obtained by identifying corresponding
feature points in both views and applying triangulation. This
method is well-suited for scenes with rich texture; however,
in texture-deficient environments—such as smooth soft tissue
surfaces—depth estimation may be unreliable due to challenges
in establishing accurate point correspondences.
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Structured light-based 3D reconstruction methods are robust
active techniques for recovering object surfaces [26]. By project-
ing predefined light patterns, these methods generate artificial
features that enhance surface texture. Structured light systems
offer high reconstruction accuracy and, with appropriate algo-
rithmic optimization, can support real-time depth estimation,
particularly in short-range and low-velocity applications.

C. Problem Formulation

In laparoscopic surgery, the task of applying a unidirectional,
low-speed pulling force is challenging and should be prioritized
to minimize the risk of unexpected soft tissue damage [27].
For simplicity, and without loss of generalization, this sce-
nario makes two fundamental assumptions about the deformable
object: 1) its mechanical properties are isotropic, and 2) its
geometric properties are uniform, disregarding minor geometric
irregularities.

The workflow of classical methods of VBFE for deformable
objects using binocular stereo vision is as follows: Initially, a
disparity map is generated through stereo matching. The dispar-
ity map is used to reconstruct 3D point clouds of the object’s
surface, followed by force estimation via FEA based on known
material properties. However, these methods fall short due to:
(1) the nonlinear mechanics of soft tissue, making accurate
modeling difficult; (2) texture-deficient surfaces, which degrade
reconstruction accuracy and lead to force estimation errors; and
(3) insufficient real-time performance for surgical applications.

Accurate and efficient force estimation requires One-Shot
pattern projection for dense, absolute, and high-precision re-
construction. Additionally, a deep learning-based displacement—
force model is employed as an alternative to Eq. (1), directly pro-
cessing point cloud data without relying on structured formats
like voxels or meshes.

III. THE PRESENTED SCHEME

In this section, the proposed VBFE scheme is detailed. In
Section III-A, we present a stereo vision 3D reconstruction
method for deformable tissue in MIS using a designed One-Shot
absolute structured light projection. In Section III-B, a modified
PoinNet-based force estimation network is presented.

A. 3D Reconstruction With One-Shot Structured Light

The 3D reconstruction process in this scheme involves de-
signing a specialized One-Shot absolute structured light pattern,
performing stereo vision matching using the semi-global block
matching (SGBM) algorithm with pattern projection, and gen-
erating a real-time dense 3D point cloud of the object surface.

1) Structured Light Pattern Creation: To achieve time-
efficient reconstruction, a One-Shot absolute pattern is employed
for structured light encoding. As shown in Fig. 1, the pattern
consists of a set of colored sinusoidal fringes generated in Hue,
Saturation, and Value (HSV) space, with the H channel encoded
using a DeBruijn sequence. A DeBruijn sequence is a circular
sequence in which each element belongs to an alphabet of n
symbols. This sequence can be directly constructed from the
Hamiltonian or Eulerian paths of an n-dimensional DeBruijn
graph [28]. A key property is that any substring of length m
appears exactly once, making it ideal for generating the colored
fringe sequence in the H channel. This ensures each projected

HSV—RGB

Fig. 1. Pattern creation. H channel pattern generated by De Bruijn sequence
(Top-left); S channel with constant maxima (Top-middle); Sinusoidal intensity
pattern in V channel (Top-right); The result RGB pattern.

Fig. 2. Images of structured light projection captured by the stereo camera
system: (a) left camera image, (b) right camera image.

unit corresponds to a unique decoding, improving stereo match-
ing accuracy.

In our setup, the alphabet for encoding includes n = 3 colors:
red, green, and blue. A fringe sequence of length 64 is selected
based on projector resolution, and m = 4, generating a DeBruijn
sequence of length 81 to satisfy the condition n™ > 64. Satu-
ration is fixed at 1 (maximum) for all pixels. Vertically, each
colored fringe has a sinusoidal light intensity, encoded in the V
channel as:

I(i))=05405-cos(2nf-i),i=1...N, (4

where i denotes the column index, N = 64 is the maximum
horizontal resolution of the projector, and f is the frequency
given by f = %4.

The HSV pattern is converted to RGB and projected onto a
silicone model of a humanoid intestine. Fig. 2, shows the stereo
camera’s captured images. This structured light is then used for
stereo matching.

2) Pattern Recovery and Stereo Matching: Before decoding,
object base color is removed and pixel correction is applied using
the Caspi model. To improve stereo matching, a two-step ap-
proach is used: initial matching followed by refined verification.

For initial matching, the SGBM algorithm generates can-
didate pairs and their encoded data. These candidate match
pairs typically contain salient visual features and are referred
to as points of interest (POIs) in this paper. In the refinement
step, DeBruijn subsequences of each POI pair are compared
between stereo views. Mismatches trigger a search in the SGBM
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Fig. 3. DeBruijn analysis of refined matching verification.

candidate pool and neighborhood to locate matching points with
identical encoding. If the DeBruijn sequence decoding fails to
validate the candidate matching pair, the corresponding pair is
discarded to ensure reliable disparity estimation.

Prior to matching, the horizontal Sobel operator is applied to
both left and right images to enhance vertical edge features by
computing the horizontal gradient:

-1 0 1
Gu(u,v) = |-2 0 2| xI(u,v), Q)
-1 0 1

where Gu(p) and I(p) denote the horizontal gradient and in-
tensity at pixel (p), respectively; * denotes the convolution
operation.

The pixel-wise matching cost C'(p, d) is computed by com-
bining the Birchfield-Tomasi(BT) cost on the original image and
that on the prepocessed Sobel image:

C( ) Csobel (p7 ) (6)

where CDT . 1(p,d)and CZY (p, d) denote the BT cost values
in the original and Sobel-filtered images, respectively [25]. d is
the disparity value. The features are stored in a disparity space
image (DSI) matrix for subsequent matching.

Each candidate matching pixel pair undergoes DeBruijn anal-
ysis. As shown in Fig. 3, a sliding window of length four is used
to sequentially verify the decoded DeBruijn subsequences of the
matching point pairs. If the subsequences differ, the candidate
matching pair is discarded.

The SGBM algorithm employed for stereo matching com-
putes depth maps from stereo images by aggregating match-
ing costs along multiple paths. This strategy achieves accurate
disparity estimation with computational efficiency, making it
suitable for real-time applications [25]. To ensure that the cost
values accurately reflect the correlation between pixels, the
SGBM algorithm employs path integration of the matching cost
in stereo vision across multiple directions. Let L, represent a
path traversed in the direction r. The cost L,.(p, d) for pixel p at
disparity d is recursively defined as:

L,(p,d) = C(p,d) + min (L1, Lo, L3, L4) —

where Ly, Lo, L3, Ly, and L5 are the path costs corresponding
to the neighboring pixel, defined as:

L1:Lr(p7T,d71)+P1,
L3:Lr(p—T,d+1)+P1,

Comgznal (pv )

Ls, (D

L2:Lr(p*7’,d)7
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Fig.4. The generated 3D point cloud of a deformable silicone object’s surface.

Ly=min (L, (p—r,1)) + P, i=
L; =min (L, (p —r,k)),

dmin e dmaxa

k = dmin - - -

Here, P, and P, are smoothness penalty coefficients. The term
Ls, representing the minimum path cost of the previous pixel, is
introduced to prevent excessively large values in the calculations
and ensure numerical stability.

The aggregated matching cost is defined as:

d) = L(p,d), ®)

where S(p,d) represents the total matching cost aggregated
across all paths r. The final disparity value D(p) is then de-
termined by minimizing the aggregated cost:

D(p) = arg m}n S(p,d). )

dmax-

Conventional passive stereo matching techniques often struggle
with weakly textured objects, producing disparity maps of sub-
optimal quality [25]. In contrast, integrating active structured
light projection into stereo matching significantly enriches the
texture of object surfaces and leverages structured light encoding
information to yield highly accurate disparity maps.

3) Point Cloud Generation: Based on the disparity map, the
3D point cloud of the object’s surface can be constructed, as il-
lustrated in Fig. 4. Specifically, for each pixel p with coordinates
(u,v) in the field of view, the 3D coordinates (z;, y;, 2;) can be
computed using the focal length f, the optical center coordinates
(¢z, cy), the baseline distance B, and the disparity D(p) from
the left and right cameras as follows:

(u—cy)- 2z (v—rcy) -2

f-B

Z’L - D(p)’ x’L - f 9 y’L - f M (10)

By iterating over all pixels in the disparity map D(u,v), the
3D spatial point cloud of the surface is generated.

A labeled dataset is thus constructed, where each data pair
consists of the reconstructed 3D point cloud (obtained from each
RGB frame) and the corresponding interaction force measure-
ment (obtained using the force-sensing trocar). This dataset is
used in the subsequent subsection to train the force estimation
model.

B. Modified PointNet-Based Force Estimation

The PointNet framework [29] demonstrates exceptional ca-
pability in processing unstructured point cloud data. By inde-
pendently applying multilayer perceptrons (MLPs) to individual
points, it efficiently extracts local features, while leveraging
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Fig. 5.

The modified PointNet network architecture.

global max pooling to capture global deformation character-
istics. This design ensures invariance to the order of the input
points. In particular, PointNet boasts an architecturally simple,
computationally efficient, and highly flexible structure. How-
ever, PointNet was originally designed for classification tasks,
rendering it inapplicable for force estimation, a fundamentally
regression-oriented problem. Surgical force estimation, in par-
ticular, demands not only exceptional accuracy but also real-time
performance to deliver high-quality haptic feedback to the op-
erating surgeon. Additionally, the training and deployment of
accurate force estimation models using the high-density point
cloud data generated in Section III-A can be computationally
intensive and time-consuming.

To overcome these challenges, targeted modifications and
optimizations are implemented in both the network architecture
and the training algorithm, ensuring the framework aligns with
the stringent requirements of surgical force estimation tasks.

1) Input Preprocessing and Network Modifications: To fa-
cilitate consistent input representation for the network, a pre-
processing step is introduced for the point-cloud data. This step
involves normalizing each point cloud individually by translat-
ing its centroid to the origin of the coordinate system and scaling
the point cloud to fit within a unit sphere.

The centroid coordinates (z.,y.,2.) of a point cloud are
computed as follows:

_ i MY
Yimimi

i mizi
Z?:l m;
(11)

where m; represents the weight of the ¢-th point in the cloud,
and n denotes the total number of points in the cloud.

By translating and normalizing, the coordinates of the point
cloud are transformed as follows:

Yi — Ye ;'721'_212
y~r T I
Dmax Dmax

E_imi—xc 5 o
i s Jdi T
Dmax

(12)

where Dy, represents the maximum bounding envelope dis-
tance of the point cloud, which is the largest Euclidean distance
between any two points within the point cloud.

The architecture of the proposed force estimation network is
shown in Fig. 5, comprising an input layer, convolutional layers,
pooling layers, a feature aggregation layer, activation layers,
MLPs, dropout layers, and an output layer. The output layer is
modified to a fully connected network layer to accommodate the
continuous regression problem.

The original PointNet network employs ReL.U as the activa-
tion function, which outputs zero for negative inputs, potentially
leading to inactive neurons (“dying ReLU”). This limits the
network’s ability to model complex nonlinearities, critical for
capturing the mechanical properties of soft tissues.

To address this, the ELU is utilized, defined as:

ELU(e) = {

€, e>0
alexp(e) — 1), €<0

where the hyperparameter o > 0 for the ELU activation function
is set to 1.0, following the guideline in reference [30]. ELU is
continuous and differentiable, mitigating the vanishing gradient
problem. For € > 0, itresembles ReLLU, and for ¢ < 0, it behaves
like sigmoid/tanh, effectively combining their strengths. This
adaptation improves the network’s capacity to capture soft tissue
mechanics, enhancing its suitability for force estimation tasks.

2) Optimization and Adaptation of the Training Algorithm:
The proposed model is trained using the Nadam optimizer, an
enhancement of the Adam optimizer. While Adam’s adaptive
learning rate adjustment is effective in many scenarios, it may
struggle with slow convergence or fail to precisely locate the
optimal point. Nadam addresses these issues by integrating Nes-
terov momentum, which combines Adam’s adaptive learning
rates with a lookahead mechanism to accelerate convergence
and improve accuracy.

The original Adam updates for momentum and velocity are
defined as:

my = fime—1 + (1 — B1)gs,
ve = Bovg—1 + (1 — Ba) g7, (13)

where g; is the gradient at time ¢, 31 and (32 are the decay rates,
and m; and v; represent the momentum and velocity updates,
respectively.

In Nadam, Nesterov momentum introduces a refined momen-
tum update, given by:

my = Bimyg + (1—51)g:-

The bias-corrected estimates of momentum and velocity are
computed as:

ﬁ?t N Ut
1 _ﬁ§7 (%7 1— 57 ( )

my

where 3 and (% represent 31 and 35 to the power of ¢.
The parameter update rule for Nadam is:

(1 —B1)gt
1-p¢ ’

where 7 is the learning rate, and ¢ is a small constant to ensure
numerical stability. By leveraging the benefits of both adap-
tive learning rates and Nesterov momentum, Nadam enhances
optimization efficiency and achieves better performance for the
force estimation network. For this regression task, the root mean
squared error (RMSE) is employed as the loss function.

1 ~
Op1 =0, —1n —— <ﬂ1mt+
+e

Ut

IV. EXPERIMENTAL VALIDATION

In this section, to validate the effectiveness of the proposed
VBFE scheme, traction tests were performed on a platform
developed consisting of silicone intestinal models with three
different stiffness levels and a commercial surgical robot.
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Fig. 6. The experimental setup. The experimental platform is shown on the
left. The upper right illustrates snapshots of the pull-hold process under varying
external forces (fext), ranging from 0.5 N to 3.0 N. The silicone hose, with
calibrated stiffness, is displayed in the lower right.

A. Experimental Setup

The experimental platform was constructed using the Toumai
research kits provided by Shanghai Microport Medbot (Group)
Co., Ltd. [31]. As shown in Fig. 6, the platform includes a
high-precision force sensing trocar (Model TRF85D) to measure
the true interaction force and a surgical instrument arm (Model
MO0000339) equipped with a 3D electronic endoscope (Model
EL824). The force-sensing trocar features a measurement range
of £5 N with a precision of 0.1 N. The robotic arm is equipped
with grasping forceps (Model IN803 A) that execute retraction
and clamping operations in Cartesian space. These forceps are
used to secure clamp one end of the silicone tube and perform
the retraction operation. During the retraction process, the force
sensor measures the interaction force applied to the silicone
tube in real time, while the 3D electronic endoscope captures
deformation images. These images are subsequently processed
to generate a 3D point cloud for further analysis. The platform
is equipped with a projector (Model L-mix) that projects struc-
tured light patterns onto the surface of the object. The entire
experimental platform is designed to stably simulate the clinical
operation environment, ensuring the reliability and repeatability
of the experimental data. In this experiment, silicone tubes were
custom-fabricated in the laboratory to simulate soft tissues by
varying the base-to-curing-agent mixing ratios of liquid silicone.
To ensure the accuracy of the stiffness characterization, each
sample underwent multiple calibration procedures using a uni-
versal mechanical testing system. As a result, three representa-
tive samples with calibrated stiffness values of 40 N/m, 80 N/m,
and 200 N/m were obtained, corresponding to soft, medium, and
hard tissue analogs, respectively.

Remark 1: In most cases, it has been observed that stiffness
variations in abdominal soft tissues due to individual factors such
as age or gender are relatively limited [32], [33], [34]. However,
in extreme cases in which these factors significantly impact
the stiffness of tissues, the proposed method would require
re-calibration with new data. An interesting future research topic
is to simultaneously estimate the force and stiffness online,
which can be achieved via expectation-maximization and could
circumvent the aforementioned issue.
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TABLE I
FORCE ESTIMATION RESULTS WITH THREE STIFFNESS

Stiffness of the silicone tube MAE(o) RMSE(o)

40N/m 0.4055 (0.2558)  0.5498 (0.3531)
80N/m 0.4748 (0.3593)  0.5953 (0.5047)
200N/m 0.8044 (0.6108) 1.01 (1.4735)

1) Force Model Training: A custom dataset has been col-
lected using the Toumai commercial laparoscopic surgical robot
affixed with a force-sensing trocar, along with the DFVision
medical stereo endoscope and a silicone hose. This dataset
has been open source on GitHub and is accessible at: https://
github.com/CrisYaoMF/Force-Estimation-for-Soft-Tissue. As
the manipulator stretches the silicone tube, a force-sensing trocar
measures the applied force in real time, while an endoscope
captures deformation images. The 3D laparoscope generates 3D
point cloud data at 30 Hz. These paired data train the proposed
interaction force estimation network, implemented in Keras with
the Nadam optimizer to boost training speed and convergence.
Throughout the process, the network weights were iteratively
adjusted to minimize the RMSE between the force estimates
and the actual measurements recorded by the force-sensing
trocar, ensuring accurate model performance. In this study, the
dataset for network training was split into a training set and
a validation set at a 7:3 ratio. Training was terminated when
the loss function value fell below 0.2 or after 200 epochs.
During the training process, we observed signs of overfitting,
which may partially explain the suboptimal performance of the
high-stiffness experimental group discussed later.

Remark 2: Due to the absence of temporal information, exist-
ing methods such as TNN-based methods cannot be directly im-
plemented or fairly compared on the laparoscopic MIS platform.
As such, a quantitative comparison with these architectures is
not feasible within the scope of this study. Integrating such
approaches with our active VBFE framework is a promising
direction for future work.

2) Traction Experiment: In the traction experiment, the ma-
nipulator gradually applies a force from O N to 3 N, holding
the force steady once reached, with the entire process lasting 5
seconds. To ensure a uniform variation of force over time, dif-
ferent pulling speeds are employed for silicone tubes of varying
stiffness: objects with stiffness levels of 40 N/m, 80 N/m, and
200 N/m are stretched at a predetermined speeds, respectively.
During the experiment, as the manipulator stretches the silicone
tube, the 3D laparoscope continuously captures deformation
images of the silicone tube and generates the corresponding
3D point cloud at a sampling rate of 30 Hz. Each experiment is
repeated 40 times for each type of material to evaluate reliability
and robustness.

B. Experimental Results

To evaluate the proposed force estimation scheme, the force
estimation error statistics were quantified using the mean abso-
lute error (MAE), RMSE and standard deviation (SD), denoted
o, as shown in Table I. The experimental results demonstrate a
high level of accuracy in force prediction, particularly for lower
stiffness conditions (40 N/m and 80 N/m), where prediction er-
rors are relatively small, highlighting robust predictive precision.
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Fig. 7. The subplots in the upper row present scatter plots of estimated forces
during the traction phase (blue) and holding phase (red), in comparison with the
ground truth indicated by the black dashed line. The subplots in the lower row
illustrate the mean force estimates (red) compared to the measurements (blue),
with shaded regions indicating data intervals. The subplots, arranged from left
to right, correspond to silicone samples with low, medium, and high stiffness
levels, respectively.

However, as the stiffness of the silicone material increases,
the force estimation error also rises. For the object with a
stiffness of 200 N/m, the MAE and RMSE reach 0.8044 and
1.0201, respectively, with SD (o) values of 0.6108 and 1.4735,
significantly exceeding the errors observed for materials with
stiffness levels of 40 N/m and 80 N/m. This increase in error
can be attributed to the amplification of complex nonlinear
characteristics in high-stiffness materials during deformation.
Subtle errors in the deformation captured by visual data dispro-
portionately propagate to interaction force estimates [35].

The ensuing discussion will focus on the results of the force
estimation for the complete interaction operation, as illustrated
in Fig. 7. The figure demonstrates that the proposed method
achieves highly accurate force estimation during both the trac-
tion and holding phases. The performance of the proposed force
estimation method is consistent across these phases in terms of
mean values and uncertainties, highlighting its robustness across
different operational stages. As illustrated in the upper subplots,
the force estimates demonstrate a strong linear correlation with
the ground truth across a range of material stiffness levels.
High-stiffness materials introduce greater uncertainties due to
their smaller deformations under identical forces compared to
softer materials. These minimal deformations amplify errors in
visual data, imposing stricter requirements on the vision-based
force estimation workflow, including training data quality, the
network’s capacity to model nonlinearity, and imaging system
resolution. Notably, in the context of MIS, the stiffness of human
tissues typically ranges from 10 N/m to 100 N/m [34], [36],
which falls well within the effective operating range of the
proposed method.

To validate the consistency of the force estimation algorithm,
the force measurements and estimates from 40 repeated traction
experiments are illustrated in Fig. 8. The experimental results
show that the proposed force estimation algorithm performs
well for materials with soft (40 N/m) and medium (80 N/m)
stiffness, where the estimated forces closely follow the trends of
the ground truth across 40 repeated experiments, demonstrating
good stability and repeatability. A video of the experiments
performed can be found at the following link https://youtu.be/
9c4ebP97gh0.

Remark 3: For high-stiffness materials (200 N/m), force es-
timates exhibit increased variability and reduced consistency
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Fig. 8. The top row displays the ground truth force measurements obtained
from the force-sensing trocar, while the bottom row shows the correspond-
ing force estimates derived from visual deformation data. The three columns
correspond to silicone objects with soft, medium, and hard stiffness levels,
respectively. Each row represents a single experiment. In each subplot, the color
gradient represents force values in Newtons (N), ranging from low contact force
(blue) to medium contact force (white) and high contact force (orange). The red
dotted lines differentiate between the traction and holding phases.

but still capture the overall force trend effectively. However,
the method’s performance on specific tissues, such as fascia and
blood vessels, remains untested, and it cannot estimate forces on
occluded objects. Despite these limitations, it offers substantial
value and potential for minimally invasive surgery applications.

V. CONCLUSION

In this letter, we propose a novel and effective binocular
vision-based VBFE framework for soft tissue interaction in
robot-assisted surgeries. The framework employs a one-shot
structured light with a custom pattern and a two-step stereo
vision method to generate dense, pixel-wise 3D point clouds of
smooth, texture-deficient tissue surfaces. A modified PointNet-
based model is introduced for force estimation, featuring opti-
mized activation functions, loss design, training strategies, and
output layers for learning complex nonlinear force mappings.
Traction experiments were performed on a platform built with
a commercial surgical robot and silicone samples of varying
stiffness. Results demonstrate the method’s accuracy and con-
sistency, highlighting its potential for force feedback in MIS.
Compared to traditional approaches, this framework reduces
hardware dependency. Future work will focus on hardware
integration and miniaturization to support practical deployment
in commercial surgical systems. Force estimation under sig-
nificant stiffness variability presents a valuable direction for
future research particularly for applications extending beyond
laparoscopic robotic surgery.
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