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Abstract— In robotic-assisted minimally invasive surgery
(RMIS), accurately identifying soft tissues is essential for
precision and safety. Traditional geometry-based methods fail
due to tissue deformability, while statistical features can be
redundant and computationally costly. Mechanical properties
like viscoelasticity offer potential but mainly describe resistance
to deformation rather than intrinsic characteristics. Young’s
modulus, on the other hand, provides a well-defined
characterization of soft tissue properties, as it considers the
relationship between stress and strain, offering a more intrinsic
measure of stiffness. Therefore, this study proposes a framework
for soft tissue classification using Young’s modulus, which
quantifies stiffness by relating stress and strain. The estimation
was performed using the least squares technique applied to
interaction force and position data from haptic exploration.
Young’s modulus is then used for classification. The method was
tested on a robot classifying six phantoms with different
mechanical properties, achieving a high classification accuracy
of 99.41 = 0.67% using only a single feature. These results
demonstrate that Young’s modulus is a promising feature for
enhancing accuracy and efficiency in robotic applications in
RMIS.
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1. INTRODUCTION

In the field of robotic-assisted minimally invasive surgery
(RMIS), knowing what an object the robot interacts with is
critical to the success of the procedure. For example, during
palpation, it is essential to understand the tissue’s
characteristics and identify the type of tissue the robot is
interacting with. This identification could help ensure a safer
and more precise procedure that minimizes the risk of tissue
damage.

Typically, objects can be identified using geometric
features such as shape, size, and contour [1]-[3]. However,
they may not be well-suited for identifying soft tissues, as
their shape can deform during mechanical interactions. Haptic
signals like interaction force and vibration have been
successfully used for compliant object classification by
extracting statistical features such as mean, minimum, and
maximum [4]-[6]. However, this approach depends on
specific actions and provide redundant information,
potentially affecting classification performance and providing
unnecessary high computational cost.

The inherent mechanical properties of objects, which
describe their response to a load, provide a specific
representation that can be useful for object classification. To
classify soft tissue, compliance-related mechanical features
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like viscoelasticity (stiffness and viscosity) are particularly
useful, as they describe how an object deforms under a
constant load. These features can be obtained by analyzing the
interaction force and object’s deformation during an
indentation. Such methods empirically estimated stiffness [7],
[8], which was successfully used for object classification [5],
[9]-[11]. To estimate both stiffness and viscosity, different
approaches, such as the least squares method [12]-[14], a
Gaussian process [15], and an extended Kalman filters [16],
have been used and the estimation results was used for the
recognition of various objects in [16], [17].

Young’s modulus also describes the intrinsic stiffness of a
material. Unlike viscoelasticity, which only measures the
material’s resistance to deformation, Young's modulus
provides a more comprehensive measure by relating stress
and strain under an applied load [18], [19]. This may present
as another potential feature to improve the recognition and
classification of soft tissues, enhancing the accuracy and
efficiency of robotic systems in medical applications.

To estimate Young's modulus, the most common approach
is to perform a tensile test by measuring the stress and strain
of the material to determine the slope [20]. Alternatively,
several techniques have been used, such as the Oberst beam
technique [21], finite element-based methods [22], [23], and
empirical methods [24]. While these estimation methods are
effective for industrial applications, they may be too complex
for medical applications, where real-time processing and
safety are critical.

This prompted us to develop a framework for soft issue
classification using Young's modulus as a features. In this
framework, the least squares technique, commonly used to
estimate parameters in interaction force models like the mass-
spring damper, is applied to estimate the Young's modulus of
soft tissue. This process uses interaction force and position
data obtained from the haptic exploration. Then, we
investigate the effectiveness of using only Young's modulus
to classify phantoms with various mechanical properties,
assuming they represent soft tissues. The results are compared
with statistical features and other mechanical features
estimated using the least squares method.

Figure 1 illustrates the proposed framework, consisting of
two main components: estimation and recognition. A robot



interacts with objects to obtain an interaction force data at
various locations by indentation. Based on the obtained data,
the robot's estimator then calculates the Young's modulus
using the least squares method. Following the haptic
exploration, the estimated Young's modulus is fed as inputs
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into the object recognition algorithm for classification of soft
tissue.

Figure 1. Object recognition process.

II. YOUNG’S MODULUS ESTIMATION

This section describes how the estimation of object’s
Young's modulus was done. Firstly, an interaction mode is
introduced to capture the robot-soft tissue interaction. Using
the model, the estimation of the Young's modulus is
presented.

A. Interaction model

Let the dynamics of a robot interacting with its
environment be described as in [16]:
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where x is the end-effector's coordinate and g is the joint
angel vector. M(q) and C(q,q) are inertia and Coriolis
matrices while G(q) is the gravitational vector. u is the
control input, w is motor noise. In this work, the contact force
is applied by a spherical indentation tip in the normal
direction. Thus, the interaction with soft tissue is considered
in a single DOF, and can be modeled using Young’s (elastic)
modulus as in [18]:
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where E is Young’s modulus, v is the Poisson’s ratio of the
phantom, r is the indenter radius, and F, the force
corresponding to the surface's rest length at x, (without
interaction).

B. An estimation approach

The E and F; in the equation (2) can be estimated using the
measured normal force and the end-effector’s positions. To
simplify the interaction force model, we assumed that v is
constant and known; thus, the equation can be rewritten in the
form:
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This means that the nonlinear parameters are transformed

into a linear problem. Thus, the least squares method can be

used to find the solutions [25]. We denote y as observed

valuable which the measured force F, the equation become
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where 6 is parameters vector to be estimated and & is the
design matrix containing input values. 8 can be estimated
using equation (4) as following:
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where @ represents the estimated parameters, aiming to
minimize the difference from the actual parameter values, 6.

C. Experimental setup

To obtain the interaction force and end-effector position for
estimating Young's modulus, the HMan robot [26], a 2-DOF
cable-driven planar robot, was used (Figure 2a). A finger with
spherical tip radius of r = 0.01 m was installed on the base
of the robot's end-effector, with a six-axis force sensor (SI-
25-0.25; ATI Industrial Automation) placed between the tip
and the robot's finger base to measure the interaction force in
the normal direction (Figure 2b) with a 1 kHz sampling rate.
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Figure 2. Experimental setup. (@) Hman robot with a sensorizes finger and
a phantom (b) Diagram of robot’s finger interating with a phantom.

The robot performed indentation with six phantoms, each
having a relatively flat surface to minimize the shape's
influence, as shown in Figure 2a. The phantom were made by
a silicone to represent soft tissue (Poisson’s ratio v = 0.5)
[27]. Table I shows that some phantom share similar
viscoelasticity properties creating ambiguous in their
classification. The robot’s finger pressed against a phantom’s
surface in the normal direction with desired trajectories x =
0.01sin(87) + 0.01m, 7 € (0,1] s. The interaction force
and end-effector position in the normal direction were
collected 25 repetitions of the haptic interaction for each
phantom.



TABLE L. MEAN VALUES AND THEIR SD OVER 25 MEASUREMENTS OF
VISCOELASTICITY ESTIMATED USING LEAST SQUARES FIT OF A LINEAR
SPRING-DAMPER MODEL.

Phantoms Stiffness (N/m) Viscosity (Ns/m)
Hard silicone 722.30 £ 30.65 8.025+0.76
Mediumn hard silicone 505.30 + 32.38 8.01+£0.93
Slightly hard silicone 384.86 +36.48 1436 +1.68
Slightly soft silicone 293.46 +18.38 9.98 £0.58
Medium soft silicone 239.36 +£20.01 10.22 +£1.27
Soft silicone 162.36 + 6.89 11.49 +0.45

D. Estimation results

Table II shows the estimated Young’s modulus resulting
from the equation (5) using the measured interaction force and
the end-effector’s position. Unsurprisingly, the results show
that softer phantoms have lower Young's modulus values,
while stiffer phantoms have higher values. Furthermore, the
results show distinct differences in Young's modulus values,
providing sufficient variability in object classification.

TABLE II. MEAN VALUES AND THEIR SD OVER 25 MEASUREMENTS OF
YOUNG’S MODULUS ESTIMATED USING LEAST SQUARES FIT OF THE
YOUNG’S MODULUS MODEL.

Phantoms Young’s modulus (kPa)
Hard silicone 48.63 +0.63
Mediumn hard silicone 35.42+0.85
Slightly hard silicone 20.01 £0.62
Slightly soft silicone 15.26 +0.32
Medium soft silicone 12.75+£0.51
Soft silicone 7.67+0.12

III. PHANTOM CLASSIFICATION

The classification was performed using the experimental
data in Section III with Young's modulus used as a feature for
phantom classification. To highlight the benefits of this
feature, the classification results were compared with those
obtained using a different set of features.

A. Alternative feature sets

Traditionally, statistical features were extracted from the
raw force and position data as a function of time. These include
the mean, maximum value, minimum value, root mean square
(RMS), and standard deviation (SD), all calculated over time
in the normal direction for both the interaction force and end-
effector position, totaling 11 features.

The interaction force in equation (1) can be modeled as a
linear mass-spring-damper system to describe phantom
behavior during haptic interaction. The stiffness and viscosity
parameters can be estimated using the least squares method,
based on end-effector’s position and velocity, and the

interaction force. These estimated parameters are then used as
features to represent the phantom's mechanical properties.

Alternatively, the interaction force can be modeled
nonlinearly using the Bouc-Wen model [28]. As presented in
[29], the least squares method can be used to estimate three
parameters that represent internal stiffness and control the
hysteresis loop. These parameters, estimated from end-
effector’s position and velocity and the interaction force, were
used as additional features for phantom classification.

In summary, four features sets are formed based on the
force and position data as shown in Table III.

TABLE III. FEATURE SETS USED FOR PHANTOM CLASSIFICAITON

Denomination Features

YM: Young’s modulus Estimated Young’s modulus

L-MP: Linear mechanical
properties

NL-MP: Nonlinear
mechanical properties

Estimated stiffness and viscosity

3 estimated nonlinear parameters
in the Bouc-Wen model

SF: Statistical features 11 statistical features

B. Classification approach

The Naive Bayes classifier was used to predict the
phantom's class based on the training feature set. It calculates
the posterior probability of a class, ¢ given the feature set O,
using Bayes’ Theorem:

P(0,]c)P
P(clo,) = 2 ©

where P(c|0,,) is the likelihood, P(c) is prior beliefs of class
¢ and P(0,|c) is probability of feature set O,. The predicted
object c” is the class that maximize the posterior probability:

¢* = argmax P(cl0,). (7

The classification was performed on 50 simulation runs for
each features sets, with training and testing feature setsina 1:1
ratio.

C. Results Analysis

A statistical test was carried out to examine the significance
of the improvement achieved by our method compared to other
feature sets. The Shapiro-Wilk test verified that the
classification results followed a normal distribution across all
groups, allowing for the application of a one-way ANOVA.
Subsequently, t-tests were conducted for post-hoc analysis.

D. Classification Results

Figure 3 shows that using Young’s modulus as a feature
resulted in a classification accuracy of 99.41 + 0.67%. Some
confusion occurred between phantom medium soft silicone
and slightly soft silicone, accounting for a 0.59% error.
However, this error is relatively small compared to the overall
results.



True Class
(o)} w i w

100.0% 100.0% 100.0% 94.9% 100.0% 100.0%

5.1%

1 2 3 4 5 6
Predicted Class

Figure 3. Confusion matrix obtained by using the estimated Young’s
modulus

E. Comparison of Classification Results

Figure 4 shows classification results using YM, L-MP, NL-
MP and SF. Using Young’s modulus as a feature resulted in a
classification accuracy of 99.41 + 0.67 %. In comparison,
linear mechanical properties (stiffness and viscosity) from the
mass-spring-damper model achieved 96.56 + 1.99 %. The
Bouc-Wen model’s estimated parameters yielded 93.73 +
2.95 while statistical features provided 95.68 + 5.56 %. These
results indicate that using only Young’s modulus as a feature
achieved the highest classification accuracy with the lowest
variance (lowest SD), showing a significant difference from
the other feature sets (t-test with p > 0.05).
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Figure 4. Comparison of classificaiton accuray, the classification results
obtained using different feature sets described in Table II1.

IV. DISCUSSION & CONCLUSION

This work presents a phantom classification method based
on the estimation of the soft tissue Young's modulus. The
Young's modulus was estimated using the least squares
technique, utilizing the interaction force and indentation
position in the normal direction. The estimation was
demonstrated using experimental data obtained through
indentation, and the results show potential for representing the
unique properties of each phantom. These findings could be
valuable for phantom classification.

The classification was performed using the obtained
experimental data. Using only the estimated Young's modulus
as a feature yielded a classification accuracy of 99.41 + 0.67
%. This result is higher than those obtained using L-MP, NL-
MP, and SF, which contain 2, 3, and 11 features, respectively.
These findings suggest that Young's modulus is highly
informative for distinguishing the different mechanical
properties of the phantom, even with only a single feature.
Thus, the proposed approach offers lower computational costs
during classification.

Young's modulus provided lower variance in classification
results than L-MP, NL-MP, and SF, indicating it is more
robust than the other features. This may be because L-MP and
NL-MP require both position and velocity, increasing input
complexity and potential noise, while Young's modulus only
requires position. Additionally, the linearization method in
NL-MP can lead to inconsistent results and poor parameter
estimation. SF depends on specific actions and can be
redundant, leading to greater variance in classification results.

Although the obtained results are promising, some
limitations should be acknowledged. As a proof of concept,
the interaction model used in this work is relatively simple
and only considers the normal direction. More sophisticated
models, including both tangential and shear directions, should
be further explored to provide more comprehensive
information about the phantom. Furthermore, the proposed
approach was primarily tested using flat-surface phantoms to
minimize the influence of shape on the results. For more
complex and irregular surfaces phantoms resembling
biological tissues, the proposed approach should be extended
by integrating a contour-following algorithm into the
controller.

In summary, Young's modulus effectively represents a
phantom's properties and can be used to classify phantoms
with different mechanical properties. This is critical in haptic
interactions during robot- systems, where maneuvers need to
be carefully planned based on the interacting objects. For
example, a stiffness map generated from object properties can
help identify tumours and guide surgical procedure with
greater precision, minimizing tissue damage and unnecessary
exploration. Lastly, to increase versatility, online estimation
should be further investigated with an expanded dataset in
future work.
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