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Abstract: This paper focuses on the possibility of using a recently fabricated micro gripper for the on line estimation
of the mechanical characteristics (damping and elasticity) of a sample pinched by the jaws, with particular
reference to biological tissues. A classical on line dynamical parameter estimator is computed for the given
system with different estimation computations, and its effectiveness has been verified by numerical simula-
tions. Results confirm the feasibility of a micro-robotic clinical device for surgery use equipped with a tissue
recognition ability.

1 INTRODUCTION

Robotics has gained a continuously increasing im-
portance in medical fields, especially in surgery and
diagnostic aspects. Great attention has been given to
robotic assisted surgery, where the robots in use are
of human scale (Fontanelli et al., 2017).

However, there are several cases in which the di-
mensions of the robotic devices are required to be as
small as possible, like in vascular surgery or mini in-
vasive interventions. During these operations, the ca-
pability of detecting and identify the tissues under ex-
amination, or the different characteristics of part of
them, could help the surgeon to perform its task.

One of the most promising technique is based on
the estimation of the mechanical characteristics of the
samples, specifically their visco-elastic properties.

The possibility of detecting the characteristics of
tissues both in surgery and in analysis operations is
a strong opportunity for clinical developments. In
fact, Literature contains a large number of works con-
firming the importance of measuring the visco-elastic
characteristics of a tissue. Foe example, brain tissues
are addressed in (Morrison III et al., 1998), human
skin in (Edsberg et al., 2000), reconstituted tissues in
(Wakatsuki et al., 2000). In (Guido et al., 2011), the
use of dielectrophoretic forces are used to distinguish
cell types by means of stretching tests.

The dynamic characteristics of tissues play a fun-
damental role in the analysis methods, and the results

of some tests about the dynamic response of the tis-
sues are reported in (Kiss et al., 2004).

The usefulness of the identification of the tissue
elasticity properties during surgical operations is dis-
cussed in (Tavakoli et al., 2006). For example, the
relationships between elastic and viscoelastic proper-
ties of undifferentiated adipose-derived stem cells and
lineage-specific metabolite production are studied in
(González-Cruz et al., 2012). To perform these tasks,
additional sensors like vision systems can also be im-
plemented (Boonvisut and Çavuşoǧlu, 2013).

In order to better investigate the characterization
and the influence of the mechanical response of tis-
sues in physiological or pathological aspects, the de-
velopment of mathematical models plays an impor-
tant role for successful results. A review of this aspect
can be found in (Choi, 2016), whereas mechanical
concepts can be applied to interpret deformation pro-
file of aspirated soft tissues, as in (Nava et al., 2004;
Nava et al., 2008).

All the recalled examples show the importance of
being able to recognise the mechanical characteristics
of a tissue, often at a micro or nano scale. Displace-
ment and force sensors can help for acquiring mea-
surements to be used for system identification.

Parameter estimation problems are not limited to
small scale systems; the often arise in robotic con-
trol applications. Still referring to medical systems,
for example in (Wilkening and O., 2014), the estima-
tion of mass parameters for a safe and comfortable



human–robot interaction is considered for robot as-
sisted rehabilitation of patients after surgical interven-
tions.

In (Cao et al., 2015), a two arms nursing care robot
is studied. The knowledge of mechanical parameter
as the contact points between the two arms and a car-
ried body, or the full system center of gravity during
body manipulation, plays an important role for a effi-
cient and effective control operations. Then, the pos-
sibility of estimating the center of mass position in
different cases of contact situation is studied.

These examples, among many others, in several
fields of robotic applications are a valid demonstra-
tion of the importance and the interest in the parame-
ter estimation problems.

Several solutions are available for parameter esti-
mation of dynamical systems, depending on the char-
acteristics of the sensor signals, the linearity or the
non linearity of some relationships, and other struc-
tural properties of the model.

In this work, the possibility of using a microgrip-
per for the evaluation of the mechanical characteris-
tics of biological samples is presented, considering an
estimation algorithm for the viscosity and elastic pa-
rameters under generic control torques. The paper is
organised as follows. The microdevice is introduced
in Section 2, whereas the mathematical model is dis-
cussed in Section 3. The adopted identification algo-
rithms are described in Section 4, and some numerical
results are reported and discussed in Section 5.

2 THE EXPERIMENTAL DEVICE

The microsystem considered in this paper, de-
picted in Figure 1, is described in detail in (Bagolini
et al., 2017) and (Di Giamberardino et al., 2018).
The device is fabricated as a silicon monolithic struc-
ture, arranged with a comb drive at the anchor of
each jaw. The comb actuators exert the input torques
that, through the deflections of a flexure hinge (Verotti
et al., 2015; Verotti et al., 2017), move the jaws during
the gripping tasks (Cecchi et al., 2015). As reported
in (Bagolini et al., 2017), the fabrication method
adopted makes use of Deep Reactive-Ion Etching ap-
plied on Silicon on Insulator wafer.

The operative situation is drawn in Figure 1, in
which the sample is pinched by the gripper and is kept
between the jaws. The points A and D represent the
hinges/actuators, while the points B and C are the con-
tact points between the jaws and the sample.

The operational problem has been already inves-
tigated in (Bagolini et al., 2018) and (Di Giamber-
ardino et al., 2018), where an estimation of the elas-

Figure 1: The gripping system in a generic configuration.

tic and viscous coefficients of the mechanical model
of the sample was provided during simulations with
input signals of suitable waveform. In particular,
in (Bagolini et al., 2018), the elastic coefficient was
obtained gripping the sample by actuating the comb
drive connected to the first jaw, until the second comb
drive reached a predefined angular displacement (suf-
ficiently small to guarantee the safeness of the sam-
ple). This particular actuation choice arises from the
fact that the device is not equipped with a force or
torque sensor. The hypothesis of gripper joints char-
acterized by a lower elastic coefficient than the one
of the sample should assure that, for small joint angle
displacements, the gripping force would not be dan-
gerously high.

This critical action is provided by means of a feed-
back control scheme in which the safe displacement
of the second joint is the reference signal. The elas-
tic coefficient is then computed, at steady state condi-
tions, from the measurement of the jaws angular dis-
placements.

The measurement scheme was improved in
(Di Giamberardino et al., 2018), in order to estimate
also the viscosity coefficient. At the basis of the com-
putation there is the almost linearity conditions under
small and slow state variables evolution. Then, a sinu-
soidal input of sufficiently small amplitude was added
to the first joint. The viscous coefficient was obtained
by making use of the linearised dynamics or of the
nonlinear characteristics of the viscosity as a function
of the frequency of the input torque.

In this paper, the possibility of using an estimation
algorithm for the viscosity and elastic parameters of
the crimped sample under generic control torques is
presented.

The algorithm is based on the particular structure
of the mathematical model: despite its general non
linearity, it results linear with respect to the unknown
parameters. Section 3 is devoted to a brief recall of
the mathematical model which is used in Section 4 to
design the estimator system.



3 THE MATHEMATICAL MODEL

The mathematical model refers to the case of full
contact condition between the jaws and the sample
at points B and C of Figure 1, i.e. during the mea-
surement phase. Then, the quadrilateral ABCD con-
stitute a closed chain composed by the links AD (the
base), AB and CD (the jaws), and BC (the sample).
All the links have a fixed length with the exception
of the sample dimension BC, whose compression is
at the basis of the measurement. The different mate-
rials constituting the device and the sample is at the
basis of the assumption that the stiffness of the jaws
is much greater than the one of the sample.

For sake of simplicity in the model representation,
all the considered variables are referred to an initial
condition in which the gripper, in a symmetrical con-
figuration, is in touch without deformation of the sam-
ple.

Then, following the notation introduced in (Di Gi-
amberardino et al., 2018) and with reference to Figure
1, the orientation of the two jaws are denoted by θ̃i,
and the reference values by θ̂i. Therefore, the angles
θi = θ̃i − θ̂i represent the relative angular displace-
ments of the two links from their neutral configura-
tion, with i = 2 for the left link and i = 4 for the right
one.

Simple geometric considerations give θ̂2 = π− θ̂4.
Considering the two contact points B and C, the

orientation of the line BC has the same notation, with
i = 3 and θ̂3 = 0. The angles are defined according
to the counter clockwise rule. The reference value for
the distance BC, corresponding to zero elastic reaction
force of the sample, is denoted by û, and its actual
value by ũ. Therefore, the deformation is equal to
u = ũ− û.

The values of the variables in the neutral condition
are given in Table 1.

Table 1: Constants.

Parameter Numerical value
θ̂2 1.44 rad
θ̂4 1.70 rad
û 150 ·10−6 m

The following parameters are defined:

i. l is the common length of the two links which con-
stitutes the jaws, i.e. the distances AB and CD;

ii. d is the distance between the hinges (AD);

iii. k2, k4 and K are the torsional stiffness of the two
jaws and the stiffness coefficient of the tissue sam-
ple, respectively;

iv. c2, c4 and c are the viscous damping coefficients
of the two jaws and of the sample, respectively;

v. I2 and I4 are the two jaws moments of inertia
around A and D;

vi. τ2 and τ4 are the input torques generated by the
comb drives.
The symmetry of the neutral configuration implies

the relationship û = d−2l cos θ̂2.
The angular dynamical model of each of the two

links can be computed. For the first joint, with sub-
script 2, from the torque balance condition and as-
suming the inertia of the sample negligible, one has

I2θ̈2 = −c2θ̇2− k2θ2− cl sin
(
θ̃2−θ3

)
u̇

−kl sin
(
θ̃2−θ3

)
u+ τ2 , (1)

while for the second one, with subscript 4, the corre-
sponding expression is

I4θ̈4 = −c4θ̇4− k4θ4 + cl sin
(
θ̃4−θ3

)
u̇

+kl sin
(
θ̃4−θ3

)
u+ τ4 . (2)

For the device here considered, the values of the
parameters appearing in (1) and (2) are reported in
Table 2. These values, together with the ones in Table
1, can help to figure out the whole dimension of the
gripper.

Table 2: Numerical values of the parameters.

Parameter Numerical value
d 5.47 ·10−4m
l 1.496 ·10−3m

I2, I4 1.25 ·10−14 kg m2

k2, k4 0.30 ·10−6 (Kg m2) / (s2 rad)
c2, c4 1.24 ·10−12 (Kg m2) / (s rad)

The system has two degrees of freedom and then
it is fully described by equations (1) and (2). In fact,
since the closed kinematic chain configuration is con-
sidered, it is possible to compute the remaining vari-
ables θ3 and u and their time derivatives as functions
of the state variables θ2, θ4, θ̇2 and θ̇4.

Such computations are reported in (Di Giamber-
ardino et al., 2018) and follow geometric considera-
tions on the quadrilateral ABCD. The results are here
reported:

θ3 = arctan
−l sin θ̃2 + l sin θ̃4

d− l cos θ̃2 + l cos θ̃4
, (3)

ũ =

√(
d− l cos θ̃2 + l cos θ̃4

)2
+
(
l sin θ̃4− l sin θ̃2

)2

u = ũ− û (4)

u̇ = θ̇2l sin
(
θ̃2−θ3

)
− θ̇4l sin

(
θ̃4−θ3

)
. (5)

An interesting observation is that the computation
of θ̇3 is not required.



4 MECHANICAL
CHARACTERISTICS
ESTIMATION OF SAMPLES

As discussed in the Introduction, important as-
pects when dealing with robotics in surgery are the
recognition of the different tissues, as well as the
different characteristics of parts of the same tissue.
Robotic assisted tissue identification and characteri-
zation for a pure diagnostic purpose is another impor-
tant aspect that is usually addressed.

As recalled in Section 2, a measurement scheme
has been proposed for the elastic properties (Bagolini
et al., 2018) and then for the viscous characteriza-
tion (Di Giamberardino et al., 2018). The necessity
of particular input signal waveforms to perform such
measurements is compatible with clinical diagnostic
tests applications, but it is not suitable for a tissue
manipulations during surgery operations. This latter
case implies the adoption of a measurement scheme
able to work under any input and operative conditions.
Therefore, an on line dynamical estimator is proposed
as a more efficient strategy for the sample characteri-
zation.

A simple approach to system parameters identi-
fication makes use of numerical solutions based on
recursive least square methods. The condition under
which this kind of techniques can be successfully ap-
plied is that the set of parameters to be estimated ap-
pear linearly in the dynamics. In fact, in this case,
the model can be rearranged in the form of a linear
time varying systems in which the parameters to be
identified are the unknowns, and all the other terms
are function of the state and of the output variables,
supposed measurable. This technique has been fruit-
fully used in several applications, as for example in
((Flacco et al., 2011; Lundquist and Schön, 2009;
Vahidi et al., 2005; Lee and Jung, 2016)).

The structure in which the dynamics has to be
rewritten is

yi(t) = Mi(t)ωi(t) , i ∈ [1, . . . ,m], (6)

where m are the degrees of freedom of the system. In
our case, m = 2, making reference to equations (1) or
(2). The term ωi(t) is one of the of unknown param-
eters, whereas yi(t) and Mi(t) are known quantities
coming from the dynamics expressions.

All the quantities in (6) are time varying, since
they are computed during the dynamics evolution;
this means that also ωi(t), despite it is referred as the
parameters vector, is a function of time because the
estimated values change at each update of the proce-
dure, converging to the constant values of the param-
eters.

The application of this approach needs the dynam-
ical equations (1) and (2) be rewritten in a linear form
with respect to the unknown parameters. According
to the notation in (6), one can set

y(t) =
(

y1(t)
y2(t)

)
=

(
I2θ̈2 + c2θ̇2 + k2θ2− τ2
I4θ̈4 + c4θ̇4 + k4θ4− τ4

)
(7)

M(t)=
(

M1(t)
M2(t)

)
=

(
−lsin(θ̃2−θ3)
lsin(θ̃4−θ3)

)(
u̇ u

)
(8)

ω(t)=
(

ω1(t)
ω2(t)

)
=

(
c(t)
k(t)

)
(9)

A recursive least squares (RLS) filtering algorithm
is adopted for the on–line identification of the vis-
cous damping and the stiffness coefficient of the tis-
sue sample.

Referring to (7)–(9), the general expressions to be
defined for a generic recursive least squares (RLS) fil-
tering algorithm are (Ljung, 1999):

ω̂i(t) = ω̂i(t−1)+Ki(t)εi(t) ,
εi(t) = yi(t)− ŷi(t) ,
ŷi(t) = φ

T
i (t)ω̂i(t−1) ,

Ki(t) = Qi(t)φi(t) , (10)

for i = 1,2, where ω̂i(t) and ŷi(t) are the current es-
timation values of ωi(t) and yi(t), εi(t) is the current
prediction error, the gain Ki(t) determines how much
the prediction error affects the update in the param-
eters estimation, and φi(t) represents the gradient of
the predicted model output with respect to ωi(t).

The RLS filtering algorithm is applied consider-
ing different ranges of values of the parameters to be
estimated, in order to show how much the different
viscous and elastic characteristics of the dynamical
system affects the convergence of the algorithm and
the steady state behaviour.

4.1 Forgetting factor based RLS
estimator

The estimation method adopted is a forgetting factor
based RLS algorithm. In equations (10), the follow-
ing choices are performed

Qi(t) =
Pi(t−1)

λ+φi
T (t)Pi(t−1)φi(t)

, (11)

where

Pi(t) =
1
λ
(Pi(t−1)−Ri(t)) , (12)

and

Ri(t) =
Pi(t−1)φi(t)φ

T
i (t)Pi(t−1)

λ+φi
T (t)Pi(t−1)φi(t)

. (13)



i = 1,2. It is assumed that the residual εi(t) (the dif-
ference between the estimated and the measured value
for yi(t)) is affected by a white noise with covariance
equal to 1.

According to previous equations, the ω̂i(t) are
computed in order to minimize the sum of residuals
squares

ω̂i(t) = argmin
θ

t

∑
k=1

λ
t−k

ε
2
i (t) (14)

In (11), (12), (13) and (14), λ∈ R, is the so-called for-
getting factor. It is introduced in order to consider dif-
ferently the time sequence of the errors εi(t), accord-
ing to an exponentially decreasing weight if λ∈ (0,1).
This choice is effective in case of time varying pa-
rameters. When dealing with constant parameters, the
choice λ = 1 is usually adopted.

The algorithm (10), with positions (11)–(13), has
been applied to the case here considered. In all the
simulations, the initial values of the parameters have
been chosen quite differently from the real values.
The initial covariance, proportional to P2, has been
fixed taking into account that the covariance matrix
has to be chosen according to a priori knowledge of
the parameters at t = 0: very high values of the co-
variance matrix elements correspond to almost com-
pletely unknown parameters.
Remark: note that the forgetting factor method is a
particular case of the Kalman filter.

5 SIMULATIONS

Numerical simulations, using Matlab R© and
Simulink R© tools, have been performed in order to
show effectiveness, benefits and differences of the
proposed estimation methods.

Three numerical cases are considered. The first
one corresponds to a realistic case with elastic and
damping coefficient much greater than the ones of the
mechanical structure, with c = 8.4 · 10−6 N m s/rad
and k = 2.5 ·10−3 N m/rad, and with the elastic coef-
ficient greater than the damping one.

The second one has been chosen considering a
sample with a damping coefficient greater than the
elastic one in order to check, by comparison, the
dependency of the algorithm convergence from the
two different mechanical characteristics. The order
of magnitude for the two coefficients have been ex-
changed, getting c = 8.4 · 10−3 N m s/rad and k =
2.5 ·10−6 N m/rad.

The last choice has been performed in order to
check the algorithm behaviour for a very poorly
damped sample. In fact, the dumping coefficient

is assumed as c = 8.4 · 10−11 N m s/rad while k =
2.5 ·10−5 N m/rad.

The initial parameters values, for all the simula-
tions, have been chosen as c(0) = 10−9 N m s/rad and
k(0) = 10−7 N m /rad.

For the forgetting factor RLS estimator, the 2× 2
square covariance matrix has been set as a diagonal
matrix, with both the diagonal elements equal to 1020,
while the forgetting factor λ is fixed to λ = 0.99.

Simulation results obtained for the first case (c =
8.4 · 10−6 N m s/rad and k = 2.5 · 10−3 N m/rad) are
depicted in Figure 2 for the damping coefficient c, and
in Figure 3 for the elastic one k.
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Figure 2: Time evolution of the estimated value c.
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Figure 3: Time evolution of the estimated value k.

The solid lines denote the estimations evolution,
the dotted lines correspond to the true values of the
parameters, plotted as a reference. As expected, the
algorithm converges. Moreover, from Figures 4 and
5 that depict the estimation errors for parameter c and
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Figure 4: Estimation error on parameter c after the transient.
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Figure 5: Estimation error on parameter k after the transient.

K respectively after 5s (t ∈ [5,10]s), it is possible to
observe that the convergence is very fast, being the
order of magnitude of the errors 10−14 for c and 10−13

for k.
For the second case (c = 8.4 ·10−3 N m s/rad and

k = 2.5 ·10−6 N m/rad), the simulation results are de-
picted in Figure 6 for the damping coefficient c, and in
Figure 7 for the elastic one k. Again, the solid lines re-
fer to the estimations evolution while the dotted ones
are the true reference values.

Also in this case the fast convergence of the algo-
rithm can be confirmed observing Figure 8 and Fig-
ure 9: the order of magnitude of the errors, after 5s,
(t ∈ [5,10]s), is equal to the previous case.

The results obtained by simulation of the third
case (c = 8.4 · 10−11 N m s/rad and k = 2.5 · 10−5 N
m/rad) are reported in Figure 10 for the damping coef-
ficient c, and in Figure 11 for the elastic one k, where
the solid lines mark the estimations evolution and the
dotted lines denote the true values of the parameters.
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Figure 6: Time evolution of the estimated value c.
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Figure 7: Time evolution of the estimated value k.
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Figure 8: Estimation error on parameter c after the transient.

The time evolutions of the errors are plotted in
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Figure 9: Estimation error on parameter k after the transient.

Figure 12 and Figure 13. The same considerations as
in the previous case can be performed, with the errors
even smaller than in the two cases above.
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Figure 10: Time evolution of the estimated value c.

6 CONCLUSIONS

In this paper, the possibility of using a recently con-
structed micro gripper device for the estimation of the
elastic and the damping coefficients of a sample ele-
ment by pinching it is proved. A classical forgetting
factor based recursive least squares algorithms for the
parameter estimation is proposed, showing how it is
possible to obtain the values of the parameters with-
out the necessity of a specific testing operation, but
also during any operative conditions for the gripper.
From the methodological point of view, a successive
step is the design of a high-performance algorithm for
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Figure 11: Time evolution of the estimated value k.
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Figure 12: Estimation error on parameter c after the tran-
sient.
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Figure 13: Estimation error on parameter k after the tran-
sient.



the parameters estimation, more robust with respect
of the presence of noise and of model parameters un-
certainties.
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