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Abstract: Soft tissue elasticity is directly related to different
stages of diseases and can be used for tissue identification dur-
ing minimally invasive procedures. By palpating a tissue with
a robot in a minimally invasive fashion force-displacement
curves can be acquired. However, force-displacement curves
strongly depend on the tool geometry which is often complex
in the case of medical tools. Hence, a tool calibration proce-
dure is desired to directly map force-displacement curves to
the corresponding tissue elasticity. We present an experimental
setup for calibrating medical tools with a robot. First, we pro-
pose to estimate the elasticity of gelatin phantoms by spherical
indentation with a state-of-the-art contact model. We estimate
force-displacement curves for different gelatin elasticities and
temperatures. Our experiments demonstrate that gelatin elas-
ticity is highly dependent on temperature, which can lead to an
elasticity offset if not considered. Second, we propose to use
a more complex material model, e.g., a neural network, that
can be trained with the determined elasticities. Considering
the temperature of the gelatin sample we can represent differ-
ent elasticities per phantom and thereby increase our training
data. We report elasticity values ranging from 10 to 40 kPa for
a 10% gelatin phantom, depending on temperature.

Keywords: Young’s Modulus, gelatin phantoms, tool calibra-
tion, palpation, soft tissue

1 Introduction

Estimating soft tissue elasticity is helpful during robotic
surgery for navigation and localization of surgical tools as well
as disease staging [1]. Commonly, elasticity is estimated by the
surgeon by palpating the soft tissue by hand. However, during
minimally invasive robotic surgery this is not feasible. Still,
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Fig. 1: Procedure for Calibrating a Surgical Tool. We propose
to map the force-displacement curve to elasticity values with a
neural network. As training targets we use the elasticities esti-
mated from indentation experiments with a known geometry (steel
ball).

the indentation depth and the force between the surgical tool
and tissue can be recorded by minimal invasive force sensors
integrated inside the surgical tool [2] or through image-based
force estimation [3, 4]. Subsequently, a material model can be
applied to estimate the elasticity by approximating the slope
of the force-displacement curve. However, tissue deformation
and the force recorded are directly related to the tool geom-
etry and might abruptly change during indentation owing to
the change of surface in contact with the complex tool geom-
etry as shown in Figure 1. Hence, surgical tools need to be
calibrated in advance for accurate elasticity estimation and a
model needs to be established that maps the complex force-
displacement curve to quantitative elasticity values.

In this work, we present an experimental approach to cal-
ibrate complex surgical tools to estimate soft tissue elastic-
ity. Our setup includes a robot with a positioning accuracy
of < 20 µm which allows us to efficiently perform indenta-
tions. We use gelatin phantoms to mimic soft tissue properties,
which are easy and inexpensive to manufacture. We estimate
the elasticity of our phantoms by performing indentations with
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a steel ball. By knowing the exact geometry of the spherical in-
denter we can apply a simple indentation model to estimate the
elasticity based on the force curve [5], as shown in Figure 1.
Thereby, we can estimate the elasticity of our phantoms with
high accuracy. Further, we systematically evaluate the influ-
ence of different phantom temperatures on elasticity estimates.
We hypothesize, that Young’s Modulus is dependent on the
phantom temperature [6] and allows us to represent different
elasticity values with a single gelatin concentration. Following
this, we can efficiently increase the size of our calibration data
set by performing multiple indentations on a single phantom
that adapts to the room temperature over time. Finally, with
our experimental setup surgical tools with complex geometries
can be calibrated on known elasticity values of gelatin phan-
toms as shown in Figure 1, right. Using the estimates from
spherical indentation as ground truth, more complex models,
e.g., neural networks, which represent the specific surgical tool
characteristics can be trained to predict the Young’s Modu-
lus from force-displacement curves during minimal invasive
surgery. Thereby, acquiring large indentation data sets with a
robot, and knowing the ground truth elasticity value, would be
beneficial for training neural networks.

In this work, we want to present and evaluate the accu-
racy of our experimental setup and demonstrate the influence
of temperature on gelatin elasticity.

2 Material and Methods

We systematically investigate the influence of gelatin concen-
tration and phantom temperature on the mechanical properties
of gelatin phantoms during indentation experiments. Each in-
dentation experiment consists of a loading part (insertion of in-
denter) and an unloading part (removal of indenter). The load-
ing and unloading part of a force curve during an indentation is
shown in Figure 2. Our experimental setup is depicted in Fig-
ure 3. To palpate tissue phantoms we use a spherical indenter
with a radius 𝑅ind of 6mm. The indenter is attached to a force
sensor (Nano17, ATI, USA) to record the forces during inden-
tation. We use a robot (Hexapod H-820, PI, DE) to automati-
cally perform indentations with an axial repeatability precision
of 20 µm. The indenter is pressed into the phantom until a max-
imum insertion distance of 10mm is reached or a maximum
force of 5N. In our experiments we vary gelatin concentration
and phantom temperature. We repeat each indentation exper-
iment ten times. For each repetition, a new phantom sample
is used to avoid inaccuracies due to changes in the mechanical
properties caused by previous indentations. Furthermore, all of
the ten phantoms are made from the same batch of gelatin to
ensure the same gelatin properties within the repetition exper-
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Fig. 2: Loading Curves: Example of a force-displacement curve
for an indentation experiment with a loading and unloading part
(Left); the curve fitted based on the Hertz model for estimating the
Young’s Modulus 𝐸 (Right).
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Fig. 3: Experimental Setup: Indentations are performed with a
robot (A). The spherical indenter (B) is attached to the robot via a
rigid beam and the phantom (D) is placed on a phantom table (E).
Between the indenter and beam a force sensor (C) is mounted.

iments. We store the gelatin phantoms for 24 h in the refrig-
erator for hardening at a temperature of 7 ∘C. To investigate
the influence of phantom temperature, we perform our inden-
tation experiments directly after removal from the refrigerator
(7 ∘C) and compare the results with indentations performed at
gelatin phantoms that have already been exposed to the ambi-
ent temperature for a longer time and thus are warmer (15 ∘C

and 22 ∘C). In addition to the parameter study, we also per-
form a long-term study in which we repeat indentations every
10minutes on a 10% gelatin phantom for 2 h. We repeat the
long-term study with five phantoms at different ambient tem-
peratures to show dependence on temperature. During each in-
dentation we measure the inner phantom temperature. Note,
since our goal is only to obtain different force-displacement
curves, we do not consider the temperature gradient between
phantom surface and the center. This may affect variance, but
is assumed to be likely the same for similar shape.
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2.1 Data Evaluation

To evaluate mechanical properties of soft tissue the Young’s
Modulus 𝐸 is estimated based on the Hertz-Model [5] which
assumes a homogeneous, isotropic and linear elastic material.
The Hertz model fits a curve

𝐹 =
4

3

𝐸

1− 𝜈2
𝑅

1
2

ind𝑑
3
2 (1)

to the loading force-displacement curve with an indentation
depth 𝑑 and Poisson ratio 𝜈 = 0.5. The formula assumes a
spherical indenter with a radius 𝑅ind. In Figure 2, right, the
curve fitting of the loading curve is shown.

3 Results and Discussion

The results of the parameter study are visualized in Figure 4
and Figure 6. We test for significant differences in the Young’s
Modulus using the Wilcoxon signed-rank test with a sig-
nificance level of 5%. An increase in gelatin concentration
leads to an increase in the Young’s Modulus (Figure 4). The
gelatin concentrations we studied have a significantly differ-
ent Young’s Modulus and lie in the range of soft tissue [7].
Increasing the phantom temperature leads to a decrease in
the Young’s Modulus (Figure 6). Our results show that phan-
toms with different gelatin concentrations can have the same
Young’s Modulus depending on their temperature (Figure 6).
The Young’s Modulus of a 7.5% gelatin phantom at 7 ∘C does
not significantly differ from a 10% gelatin phantom at 15 ∘C.
Additionally, no significant differences in the Young’s Modu-
lus can be observed, when comparing the overlapping loading
curves from 5%, 7.5% and 10% gelatin phantom with 7 ∘C,
15 ∘C and 22 ∘C phantom temperature, respectively (Figure 5,
top). For comparison, Figure 5, bottom, shows the standard de-
viation of the loading curves of 7.5% gelatin phantoms at dif-
ferent temperatures. In contrast to Figure 5, top, the regions of
the force-displacement curves differ from each other, depend-
ing on the phantom temperature which leads to a significant
difference in the Young’s Modulus.

When performing 12 indentation experiments every 10
minutes on a 5% gelatin phantom the Young’s Moduli are
ranging from 9.61 kPa to 43.13 kPa (Figure 7). The relation-
ships between the Young’s modulus and the gelatin tempera-
ture or time outside the refrigerator are shown in Fig. 7. Eval-
uating the Young’s Modulus over all measurements by taking
only the gelatin concentration into account, a mean standard
deviation of 9.26 kPa results with differences up to 33.79 kPa.
When considering the time outside the refrigerator we already
can reduce the mean standard deviation to 2.01 kPa. However,
when taking the phantom temperature and thus also the ambi-
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Fig. 4: Spherical Indentation Experiments: boxplots showing
the results of the performed spherical indentation experiments to
study the influence of gelatin concentration on Young’s Modulus.

ent temperature into account the mean standard deviation is re-
duced to 1.14 kPa (Figure 7, right). It is noticeable, that larger
standard deviations occur at lower temperatures. This might
be due to a larger delta to the ambient temperature. Based on
the long-term study, we establish an equation to estimate the
phantom stiffness of a 10% gelatin concentration as a function
of phantom temperature 𝑇ph. Quadratic fitting yields in

𝐸 = −0.06𝑇 2
Ph − 0.13𝑇Ph + 41.42 (2)

with a coefficient of determination of 𝑅2 = 0.9992 consider-
ing a temperature range of 7.5 ∘C up to 21.4 ∘C.

As motivated in Figure 1, our calibration approach can be
used to train a neural network that predicts elasticity estimates
from force-displacement curves generated by complex med-
ical tools. We demonstrate that gelatin concentration as well
as the gelatin phantom temperature are systematically related
to the Young’s Modulus. Hence, it can be concluded that a
change in phantom temperature allows us to easily model dif-
ferent stiffness values from a single phantom. This not only
leads to a substantial reduction of time needed to generate
gelatin phantoms. It also allows to map more stiffness val-
ues by continuously performing indentation experiments while
the phantom adjusts to ambient temperature. Furthermore, we
have shown that we can reduce inaccuracies in the ground truth
values by taking the phantom temperature into account. Thus,
a huge and precise calibration data set can be acquired for
training of neural networks.

4 Conclusion

We present an experimental setup for acquiring calibration
data to estimate elasticity from palpation with a surgical tool.
Our results show that we can model different tissue stiffnesses
by changing either the phantom temperature or the gelatin con-
centration. Phantoms with gelatin concentrations from 5% up
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Fig. 5: Force-Displacement Curves: Loading curves for different
gelatin concentrations and temperatures. (Top) Depicted are 5%,
7.5% and 15% gelatin phantoms with 7 ∘C, 15 ∘C and 22 ∘C, re-
spectively. (Bottom) The loading curves for 7.5% gelatin phantoms
at 7 ∘C, 15 ∘C and 22 ∘C.
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Fig. 6: Young’s Modulus vs. Temperature: Young’s Modulus
estimates for gelatin concentrations and phantom temperatures of
7 ∘C, 15 ∘C and 22 ∘C.

to 20% can be used to model Young’s Moduli which lie in
the range of 7 kPa up to 150 kPa. We have shown that it is
important to measure the phantom temperature during data ac-
quisition as it has a significant impact on the Young’s Mod-
ulus. Ignoring the phantom temperature leads to less accu-
rate ground truth values. Furthermore, we have shown that the
temperature-dependent stiffness of gelatin phantoms has not
only disadvantages since there is a systematic relationship to
phantom stiffness. Considering the phantom temperature, we
can perform indentation experiments on phantoms with differ-
ent stiffness values in a simpler and more effective way than
if we map different stiffnesses by changing the gelatin con-
centration. By palpating a single phantom as it adjust to am-
bient temperature, force-displacement curves of varying stiff-
ness can be recorded due to the temperature-dependent mate-
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Fig. 7: Young’s Modulus vs. Temperature for 10% Gelatin:
(Left) Young’s Modulus estimates at different time points after re-
moving from cooling. Each color indicates an individual phantom.
(Right) Dependency between the Young’s Modulus and tempera-
ture. The shaded surface indicates the standard deviation.

rial properties. Our calibration approach could be used to train
a neural network for predicting tissue stiffness based on tool-
tissue interaction forces with a large and variable data set.
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