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Abstract In this paper we introduce a novel contact-
sensing algorithm for a robotic fingertip which is equipped
with a 6-axis force/torque sensor and covered with a
deformable rubber skin. The design and the sensing algo-
rithm of the fingertip for effective contact information identi-
fication are introduced. Validation tests show that the contact
sensing fingertip can estimate contact information, includ-
ing the contact location on the fingertip, the direction and the
magnitude of the friction and normal forces, the local torque
generated at the surface, at high speed (158–242Hz) andwith
high precision. Experiments show that the proposed algo-
rithm is robust and accurate when the friction coefficient≤1.
Obtaining such contact information in real-time are essen-
tial for fine object manipulation. Using the contact sensing
fingertip for surface exploration has been demonstrated, indi-
cating the advantage gained by using the identified contact
information from the proposed contact-sensing method.
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1 Introduction

Despite the success of robotic manipulation devices when
operating in static and well structured environments such as
factories, today’s most advanced robots still struggle to per-
form simple manipulation tasks which are trivial to a human
outside a controlled environment (Kemp et al. 2007). Robots
that are capable of replacing humans in conducting manip-
ulation tasks are increasingly demanded in operations car-
ried out in unstructured remote and hazardous environments.
Human are very efficient in manipulation tasks largely due to
sophisticated tactile sensing mechanisms distributed across
the human hand. Neurophysiology studies show that when
humans manipulate objects, the tactile afferents of the hand
provide the brain with comprehensive information related to
the contact, such as the contact locations, the spatial distrib-
ution, the direction and magnitude of contact forces, surface
texture and the local shape of the contacted surface (Johans-
son and Flanagan 2009). Such information permits humans
to be extremely proficient in manipulating and recognizing
object based on the sense of touch alone (Lederman and
Klatzky 1990). Another study (Rothwell et al. 1982) reveals
that persons with neurological damage to tactile sensing sys-
tem of their hand cannot perform fine manipulation tasks
such as fastening a button or using a pen to write.

As it is the case for human, in order to for a robot to
perform manipulation tasks efficiently, the precise and real-
time identification of the contact information between the
finger(s) and the object is essential (Bicchi 2000). It is noted
that most developed theories for object grasping and manip-
ulation require an accurate estimation of finger-object inter-
action such as contact locations, and normal and tangential
force (Kao and Cutkosky 1993; Howe and Cutkosky 1996).
In addition, the accurate estimation of contact information
is vital to allow a robotic hand to recognize the attributes of
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an object which can only to be rendered through touch, as
surface texture (Jamali and Sammut 2011; Liu et al. 2012a),
fine surface features (Okamura and Cutkosky 2001), object
shape and poses (Liu et al. 2012b; Bimbo et al. 2013). A
human’s contact sensing capability is still far beyond that of
robots hitherto. To narrow the gap, extensive research has
been carried out to date. A lot of effort has been put into
the development of tactile skins consisting of distributed
tactile sensing elements. Different technologies have been
investigated to develop tactile skins with uniaxial pressure
sensing capability including a range of tactile array sensors
made of conductive rubber (Shimojo et al. 2004; Teshigawara
et al. 2011), capacitive materials (Salo et al. 2006; Schmitz
et al. 2011), piezo-resistivematerial (Wisitsoraat et al. 2007),
piezoelectric material (Dargahi 2000; Dahiya et al. 2011),
and optical fibres (Puangmali et al. 2012). Extensive sur-
veys on the developments of tactile skins are provided in
(Yousef et al. 2011; Dahiya et al. 2010). To provide shear
force sensing ability, tactile skins that canmeasure distributed
multi-dimensional contact forces have also been developed in
recent years. An optical three axis tactile sensor which can
measure shear and normal forces was developed by Ohka
et al. (2008) using a CCD camera and an array of rubber
nodes. A fingertip sensor that consists of a weakly conduc-
tive fluid and multiple electrodes was proposed by Wettels
et al. (2008) and later commercialized as the BioTac finger-
tip by SynTouch. This sensor can measure three axial contact
forces, vibrations and temperature. The use of optoelectronic
components for constructing a tactile sensor has been pro-
posed byDeMaria et al. (2012). This sensor can provide both
spatial pressure distribution and 6-axis force/torque informa-
tion. The current bottleneck for developing tactile skin con-
sisting of distributed tactile sensing elements is that it is a
trade-off between the spatial resolutions of the sensing ele-
ments and design complexity.

Another approach to determine the contact information
on an end-effector is to use force/torque sensors. This type
of sensor can be used to perceive the interaction forces and
detect the occurrence of object slip (Ho et al. 2011) and can
also be used for identifying the contact locations based on
the dynamic modelling of object-hand interaction (Salisbury
1984). The “intrinsic contact sensing” method, in which the
three dimensional contact location and local torque are esti-
mated using force/torque measurements, was proposed by
Bicchi et al. (1993). This method has been applied for con-
tact sensing of the feet in a pipe crawling robot (Gálvez and
Gonzalez de Santos 2001), for identifying the surface shape
properties using a robot fingertip (Murakami and Hasegawa
2005; Yamada et al. 2010). In our previous works, it has
also been used for surface material recognition (Liu et al.
2012a, b), slip prediction (Song et al. 2012, 2014) and surface
contour tracking (Back et al. 2014) using rigid fingertips. The
limitation of the intrinsic sensing method proposed in (Bic-

chi et al. 1993) is that it is strictly constrained to low friction
contacts and the rigid contact surface is assumed without
considering soft finger deformation. In addition, the method
assumes a single contact location. When there are multiple
contacts, the algorithm provides one contact location that is
resultant estimation of the multiple contacts. A number of
approaches for studying the relationship between the exter-
nal contact force and the geometrical deformation of a soft
finger have been proposed in the literature. Xydas and Kao
(1999) extended the Hertzian contact model and proposed
a power law contact model based on continuum mechanics
theory. The coefficient of thismodel was later experimentally
identified in (Kao and Yang 2004). The limitation of the con-
tinuummechanics theory is the infinitesimal elastic deforma-
tion assumptionwhich is oftenviolated for soft finger contact.
Inoue and Hirai (2006, 2009) proposed the concept of “vir-
tual spring” which assumes that the soft body is composed of
infinite and unconnected linear springs to counterbalance the
external load. This method can practically model a soft fin-
ger undergoing considerable large deformation with a good
accuracy. A similar approach has also been implemented in
(De Maria et al. 2013) for modelling the tactile response of a
soft fingertip sensor. In this paper, we propose an improved
fingertip intrinsic contact sensing algorithm based on 6-axis
force/torque measurements, by integrating the mechanical
model of a deformable skin. The contact information to be
estimated includes the contact location on the fingertip, the
direction and themagnitude of the friction and normal forces,
the local torque generated at the surface and the surface defor-
mation. Compared to the use of tactile array fingertip sensing,
the advantage of the proposed approach is that it could pro-
vide both higher spatial resolution of the contact location and
more accurate three dimensional interaction forces/torques
information of the contact. Furthermore, only the fingertip
only requires a single force/torque sensor which is relative
easy to be manufactured. In addition, as human manipulat-
ing objects, there is often only one contact area per finger-
tip. Hence the constraint of single contact location on the
fingertip of the selected approach is expected to be satis-
fied in most manipulation tasks. Since the deformable skin
on a fingertip is often subjected to notable local deforma-
tion, the “virtual spring” method is adopted for the rubber
skin mechanical modelling. The incompressibility of elastic
material is not considered by using the “virtual spring” mod-
elling method. Compared to the intrinsic sensing algorithm
proposed in (Bicchi et al. 1993), the novelty of the contact
sensing algorithm proposed in this paper is twofold: (1) capa-
bility of estimating the contact location with a deformable
finger skin, by taking into account the relationship between
the contact normal force and surface deformation, (2) relax-
ation of the constraint of low friction contact by implement-
ing an efficient iterative algorithm, thus the algorithm can
provide good accuracy even at high friction forces. It should
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Fig. 1 The design of the
fingertip with 2 mm rubber skin
(outer layer)

be noted that, the output of the proposed method is a single
contact location. Thus the use of the method is limited to
the condition where the finger contacts the object at a single
region in which the pressures are elliptically distributed. A
contact sensing fingertip has been developed for this study.
This finger is equipped with a 6-axis force/torque sensor and
covered with a deformable rubber skin. The contact sens-
ing fingertip was attached to the five digits of a ShadowTM

robotic hand and has been used to conduct surface follow-
ing task for object exploration to demonstrate the advantages
gained from the finger contact sensing algorithm.1 The test
results demonstrate the usefulness of the identified contact
information from the contact sensing algorithm. The paper
structure is organized as follows: (1) the introduction of the
design of the fingertip and its instrumentation on the robotic
hand; (2) the introduction of the contact sensing algorithm
for a surface deformable fingertip; (3) the experimental eval-
uation of the contact sensing algorithm; (4) the application of
the developed contact sensing fingertip for surface contour
following.

2 The design of the fingertip and mechanical
analysis of the rubber skin

2.1 Design of the fingertip

To implement the developed algorithm for contact sens-
ing, an instrumented fingertip was designed. As shown in
Fig. 1, the fingertip consists of a deformable rubber skin, a

1 The work presented in this paper has been done in collaboration
between King’s College London (KCL), Université Pierre et Marie
Curie (UPMC)andShadowRobotCompany (Shadow)within theHAN-
DLE project (grant agreement ICT 231640). KCL has contributed on
the fingertip contact sensing algorithm, Shadow has contributed in the
fingertip design and fabrication andUPMChas contributed on the finger
force feedback control and the object surface exploration using the con-
tact information identified by the fingertip. The object pose estimation
using the finger has been done by KCL with contribution from UPMC.

rigid core which is made of aluminium and a 6-DoFs ATI
nano17 force/torque sensor (Calibration SI-25-0.25, resolu-
tion: 1/160 N for Fx, Fy, Fz, 1/32 Nmm for Mx, My, Mz,
range: Fx Fy = 25N, Fz = 35N, Mx, My, Mz = 250
Nmm). The fingertip core is attached to the sensor and an
outer layer of rubber.

To reduce the computational burden in the contact sens-
ing algorithm, an ellipsoid shape for the outer rubber skin
(covering the core) was chosen. The three semi-principal
axes (a, b, c) of the ellipsoid skin have the lengths (a =
9.5mm, b = 17mm, c = 10.5mm). Poly 74-30 liquid rub-
ber from PolytekTM was used to construct the polyurethane
rubber skin. The thickness of the rubber skin is 2 mm. The z
axis of the Nano17 sensor is parallel to the z axis of the rub-
ber skin. The x axis of the force sensor has a rotation angle of
−120o clockwise with respect to the x axis of the ellipsoid.
The coordinate of the origin of the sensor in the ellipsoid
frame is [−sinα cosα 0]T, where α = 60o. The fingertip and
sensor assembly attaches to the hand by means of modified
distal phalange that is installed in place of the existing distal
phalange to provide a mounting base that the sensor can be
screwed onto, Fig. 2.

2.2 Mechanical analysis of the rubber skin

The use of a rubber skin on the fingertip brings the issue of
surface deformation under compressive load. Therefore ini-

Fig. 2 The developed fingertips are attached to the five digits of the
ShadowTM hand
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Fig. 3 The mechanical
property test of the rubber
material

tial testswere carried out to investigate the rubbermechanical
properties.During these tests, a compressive loadwas applied
to a cylindrical rubber sample (10 mm in diameter and 10
mm in height) using a RV-6SL Mitsubishi manipulator. The
loadwasmeasured using anATINano17 force/torque sensor,
Fig. 3. During a test, the manipulator gradually compressed
the rubber sample until 30% strain was reached. This test
was repeated three times; the averaged loading and unload-
ing strain–stress curves are shown in Fig. 3. It can be seen
that the rubber material has an almost linear strain–stress
curve and very low hysteresis. The estimated Young’s mod-
ulus of the rubber material is E = 474.1 kPa. Measured with
different methods, the reported young’s modulus of human
skin fresh in literature ranges from around 800 to 25 kPa
(Agache et al. 1980; Liang and Boppart 2010). Hence the
rubber material is comparable to human skin tissue. Since
the rubber skin has only 2 mm thickness and is covered on
a rigid ellipsoid core, the relationship between the applied
force F and the normal surface compression depth, �d is
expected to be highly nonlinear. To investigate such rela-
tionship, taking into account for the radius effects, various
normal loads were applied to two different locations with the
maximum and minimum local radius on the finger, A and B
as shown in Fig. 4.

Fig. 4 Tests for investigating the relationship between the surface
deformation and the external load. The A and B indicate the two testing
locations on the fingertip

During each test, the fingertip was dyed with red colour
and pushed towards a blank white paper glued on a rigid
plate, applying different normal loads. The red dye of the
contact area was translated from the finger to the white paper
through the contact. Thus the contact area can be obtained
by measuring the size of red print mark on the white paper,
Fig. 4. The deformation �d was then computed geometri-
cally based on the size of contact area. Figure 5 shows the
results from two locations A and B. It can be observed that
there are two different force–displacement curves at location
A and B. This is due to the difference in geometry of these
two locations. The fingertip is an ellipsoid and the curva-
ture at location A is larger than location B. Hence, under the
same displacement along surface normal direction, there is
more rubber material being compressed at location A than
the being compressed at location B, Fig. 5. Thus, the larger
the radius, the faster the normal load grows with the same
increment of the �d. However it can also been found that
when the normal load is below 6 N, the two measurements
are closed to each other. Since A and B have the maximum
and minimum curvature on the ellipsoid surface, it is reason-
able to assume that measurements at other locations will be
within the boundary defined by the curves of A and B. We
conclude that a single equation can be used to describe the
deformation and normal load function for the whole area of
the skin as long as the normal load is smaller than 6 N. Curve
fitting by using measurements from both location A and B
when normal load <6 N and rejecting high external loads
data, as shown in Fig. 6, indicates that the function can be
estimated as a linear or a quadratic function as:

‖Fn‖ = E (�d) =
{
E1�d
E2�d2

, (1)

where ‖Fn‖ is the magnitude of the normal load, E1 and
E2 are the elastic coefficients (E1 = 16.5N/mm, E2 =
43.38N/mm2).

Although the rubber material has similar elasticity to
human finger soft tissue, human finger pad has much thicker
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Fig. 5 The deformation versus
the normal force for locations A
and B, data points asterisk
indicate results from location A,
while open circle indicate
results from location B. The side
view of fingertip is shown on the
right; the local curvature
difference at A and B causes
more rubber material being
compressed at A than at B with
the same normal compression
distance d

Fig. 6 The estimated function for the deformation �d with respect to
the normal force; the data points open circle show the selected mea-
surements from both locations A and B used for function fitting, times
symbol indicate the measurements rejected for fitting due to their high
normal load or deformation. The dashed line indicates the linear func-
tion Fn = E1�d where E1 = 16.5N/mm. The solid line shows the
estimated quadratic function Fn = E2�d2, where E2 = 43.38N/mm2

soft tissue than the 2 mm rubber layer used in the developed
finger. Thus the force–deformation depth ratio of the devel-
oped finger is about 16 times higher than the ratio of human
finger pad reported in (Pawluk andHowe1999).An increased
softness in a robot finger would be desirable mechanically
but would be more likely prone to high sensing errors.

3 The sensing algorithm

3.1 Modelling of the finger contact

Considering a general case and assuming no external load
is applied, the fingertip is an ellipsoidal surface S0 with
radii a, b and c. Point o is the center of the ellipsoid as
shown in Fig. 7. Our fingertip has the following parame-
ters: a = 9.5mm, b = 17mm, c = 10.5mm. Assuming
an object is in contact with the fingertip at a single location,
the normal load causes the rubber skin deforming by �d
along the normal direction of the contact. Similar to the con-
cept introduced in (Inoue and Hirai 2006), the rubber skin
is assumed to consist of infinite virtual springs which can

be compressed along the normal direction of surface. Since
the rubber skin is glued onto a rigid core and is relative thin,
its shear stiffness is high. Thus the lateral shear deformation
introduced by the tangential load is small and is neglected
in this study. The contact region of the object is assumed to
be locally flat. Let the coordinates of the contact point to be
po = [x0, y0, z0]T in the o frame, po can be considered to
be laid on a virtual ellipsoid surface Swhere each of its axis is
reduced by�d with respect to S0. Therefore, the coordinates
of the contact location satisfy Eq. 2:

S (x0, y0, z0) : x20
(a − �d)2

+ y20
(b − �d)2

+ z20
(c − �d)2

= 1

(2)

Let c to be the origin of the force/torque sensor, and
the coordinate of the contact location in frame c is pc =
[x, y, z]T . The coordinate of the origin of the sensor in the
ellipsoid frame is represented as [dx dy dz]T. The homoge-
nous transformation between po and pc is:[

po
1

]
=

[
Roc

T −Roc
T

⇀
OC

0 1

] [
pc
1

]
(3)

where
⇀

OC represents [dxdydz]T in the sensor’s frame which
is equal to [−sin(60o) cos(60o) 0]T, Roc is the rotation trans-
formation matrix,

Roc =
⎡
⎣ cosθ −sinθ 1
sinθ cosθ 0
0 0 0

⎤
⎦ ,

where the angle θ is the angle of the x axis of the force sensor
with respect to the x axis of the ellipsoid. In our design the
rotation angle θ is −120o. Applying the Eq. 3, the relation-
ship between po and pc is:⎧⎨
⎩
x0(x, y, z) = cosθx + sinθy − cosθdx − sinθdy
y0(x, y, z) = −sinθx + cosθy + sinθdx − cosθdy
z0 (x, y, z) = z − dz

(4)

Substitute Eq. 4 into Eq. 2, the surface equation with
respect to the sensor frame S (x, y, z) can be obtained. As
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Fig. 7 The deformation of the
rubber skin under normal force
(a) and the force/torque-sensing
diagram of the ellipsoidal
fingertip (b)

shown in Fig. 7, the surface equation of the fingertip force is
indicated using function S(x, y, z), F = [ fx , fy, fz]T and
M = [mx my mz]T are the measurements acquired using the
force/torque sensor. It can be assumed that the local torque
q is always perpendicular to the surface (Bicchi et al. 1993).
Hence local torque q at a contact location pc = [x, y, z]T
can be described as k∇S( pc). Since the fingertip has mass
and inertial, its own acceleration could affect the force/torque
measurements, as well as the contact forces. When an exter-
nal force f and local torque q interact with the finger while it
is moving with a translational acceleration ẍ and an angular
acceleration ω̈, the following equilibrium equations hold:
{
F − f = m ẍ
M − pc × f + k∇S

(
pc

) = Iinertiaω̈
(5)

where m is the mass of the fingertip and the Iinertia is the
moment of inertia matrix. In this study, the finger’s motion
is assumed to be quasi-static, i.e. ẍ, ω̈ close to zero. Since
the designed fingertip has a light mass and a low moment of
inertia, the above equation can be simplified as:

pc × F + k∇S
(
pc

) = M (6)

Defining Q = ∇S( pc) as the normal vector of the con-
tact location shown in Fig. 6 and given a contact location
pc = [x, y, z]T, the normal force Fn and tangential force

Ft can be expressed as: Fn = Q QT F
QT Q

and Ft = F − Fn

where Q =
[

∂S
∂x , ∂S

∂y , ∂S
∂z

]T
and

⎧⎪⎪⎨
⎪⎪⎩

∂S
∂x = 2

(
cosθx0(x,y,z)

(a−�d)2
− sinθy0(x,y,z)

(b−�d)2

)
∂S
∂x = 2

(
sinθx0(x,y,z)

(a−�d)2
+ cosθy0(x,y,z)

(b−�d)2

)
∂S
∂x = 2z0(x,y,z)

(c−�d)2

(7)

As demonstrated in the Sect. 2.2, the rubber skin deforma-
tion along the normal direction of the contact, �d, satisfies
the Eq. 1 Thus the following equation holds∥∥∥∥∥Q

QT F

QT Q

∥∥∥∥∥ = ‖Fn‖ = E(Δd) (8)

Based on the above analysis it can be seen that under
a single location contact between the finger and an object,
the contact location, the rubber skin deformation and the
force/torque measurement should satisfy the following set of
equations.

⎧⎨
⎩

pc × F + k∇S( pc) = M
S

(
p0

) = 0
‖Fn‖ = E(Δd)

(9)

It can be seen from above that the contact location, the
local torque and the skin deformation can be described using
a vector x = [x y z k Δ d]T = [ pc k Δd]T. Thus the problem
of identifying x is equivalent to solving g(x) = 0:

g (x) =

⎡
⎢⎢⎢⎢⎢⎣

k ∂S
∂x − fy z + fz y − mx

k ∂S
∂y − fz x + fx z − my

k ∂S
∂z − fx y + fy x − mz

S(xyz)
‖Fn‖ − E(Δd)

⎤
⎥⎥⎥⎥⎥⎦

= 0, (10)

While g(x) is nonlinear, it has been proven in (Bicchi
et al. 1993) that when the contact surface is convex there is a
unique solution for the contact location identification with 6-
DoFs force/torque measurements. Since the rubber skin has
a convex ellipsoid shape, thus the contact information x can
be obtained by identifying the roots of g(x) = 0 without
further analysis.

3.2 Iterative method for solving g(x)

Levenberg–Marquardt (LM) is a gradient-based iterative
method for nonlinear parameter estimation. It has been shown
that the LM algorithm has superior performance compared
with other gradient-based methods for nonlinear parame-
ter estimation, achieving a fast convergence time and good
robustness with regards to the algorithm initial guess (Bard
1970). Therefore, we use the LM algorithm to solve g(x) =
0. First a positive definite function χ2 is defined to guaran-
tee the solution is the global minimum of the function as the
follows.
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χ2 = 1
2

g(x)Tg(x) (11)

Estimating the parameter vector x = [x y z k �d]T is thus
the problem of minimizing χ2. The derivative of the function
χ2 with respect to estimated parameters is:

∂χ2

∂x
= g(x)T

∂g(x)

∂x
= g (x)T J(x)

where J(x) is the Jacobian matrix of g(x), J (x) = ∂g(X)
∂X .

Applying the LM method, the parameter vector x can be
iteratively estimated using the following rule:

h = −
[
JT J + λdiag

(
JT J

)]−1
JT g(x)

xk+1 = xk + h, (12)

where h is the perturbed step. A large value of parameter λ

leads to a gradient descent update while small value of para-
meter λ leads to a Gauss-Newton update. When the current
estimate is far from its real value, then the h is updated using
a large λ; when the current estimate becomes close to its real
value, then the value of λ is adaptively reduced. The condi-
tion of adaptively changing λ is computed as Eq. 13 (Madsen
et al. 2004)

χ(xk)2 − χ(xk+1)
2 > ε1hT

[
λh − JT g(x)

]
(13)

If the condition holds, then λ is reduced by a factor of ten;
otherwise, λ is increased by a factor of ten. Parameter ε1 is a
small positive number and was set to 10−2. Since a good ini-
tial guess could significantly improve the convergence speed
of an iterative method, the algorithm first decides the initial
guess of the contact location based on the direction of the
resultant force vector F. Based on the diagram of Fig. 7, and
defining O = [y0, z0], O is 3×2 matrix, the projection vec-
tor of F to the y0z0 plane is [p1 p2 p3]T = O

(
OTO

)−1 OTF.
If p2 ≥ 0, i.e. F points towards the positive y0+ axis of the
ellipsoid, or p3 ≥ 0, i.e. F points to z+

0 axis, the initial con-
tact location is assumed at location B. Otherwise, the initial
contact location is assumed at location A. Then the g(x) = 0
is solved iteratively to estimate the contact location, the mag-
nitude of local torque and the normal surface deformation.
After the iterative algorithm converge, the surface normal,
normal force vector, tangential force vector and local torque
vector are computed and provided to the hand controller. The
developed algorithm for the fingertip contact sensing is illus-
trated in the following pseudo code.

It was experimentally observed that the iterative algorithm
had very good convergencewith the use of the linear function
of Eq. 1. With the quadratic function of Eq. 1, the algorithm
tended to diverge and was sensitive to the initial guess. This
may be due to the use of a quadratic term creating addi-
tional local minima where the gradient descent search of LM
could get trapped. The theoretical analysis of the algorithm
convergence with the quadratic function or the higher order
elasticity function of the rubber material is beyond the scope
of this paper. Hence the linear function of Eq. 1 was selected
for the contact sensing algorithm in this study.

4 Contact sensing evaluation

4.1 Contact location estimation

Validation tests have been carried out in order to validate the
accuracy of the contact sensing algorithm. For validating the
accuracy of the contact location identification, a test rig was
setup as shown in Fig. 8. 13 location markers were painted
in white on the fingertip surface, Fig. 9. The coordinates
of the markers were measured using a robot manipulator
(Mitsubishi RV-6SL) with the position accuracy of 0.01 mm.
Since local area contact with a finger occurs mostly during
object grasping, a probing device which consisted of trans-
parent Perspex glass with a red central mark and endoscope
camera was developed and used to contact all the individual
white markers. The Perspex glass provides a local area con-
tact with the finger and allows the centroid of the contact to
be visually inspected.

During a contact, the probing device was adjusted to be
perpendicular to the finger surface and to coincide the red
mark on the Perspex with the centroid of one white marker.
The contact force was monitored to be in the range of 1–6
N. This procedure was repeated four times and the estimated
contact locations were compared with the ground-truth val-
ues.

The estimation results of contact locations are illustrated
in Fig. 9b, c. It can be seen that the contact locations were
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Fig. 8 The test set-up for
evaluating the contact location
estimation; a probing device
consisting of a Perspex glass
and an endoscope camera was
used to touch 13 marked
locations on the fingertip

Fig. 9 The locations of the 13
markers are shown in (a); results
of contact location estimation
for the 13 location are shown in
(b); the red, green, blue and
black markers indicate the
estimated contact locations from
four different tests; c shows the
estimation error, the maximum
location error is below 0.55 mm
(Color figure online)

accurately identified for all the 13 locations; the average root
mean square error (RMSE) is 0.33 mm, with the maximum
error <0.55 mm. It was observed that: although the contact
sensing algorithm assumes a single point contact, the algo-
rithm can cope with single area contact very well in prac-
tice. It can be seen from the experimental results that when
the finger is in contact with an area, the algorithm identi-
fies the centroid of the contact area as the contact location.
It is also seen from Fig. 9c that errors of contact location
estimation at the peripheral locations 1, 2, 3, 4, 11, 12, 13
are considerably higher than those at central locations 5–10.
This phenomenon may be due to the measurement errors
of the force/torque sensor. Since contact forces at peripheral
locations generate higher moments than those at central loca-
tions, the measurement errors tend to be magnified through
the moment calculation in Eq. 9, leading to increased errors
when estimating the contact location pc.

Fig. 10 a The test setup for evaluating the accuracy of contact location
estimation for small radius contacts, b estimation results (the blue dots)
overlaid on the finger surface model (Color figure online)

For evaluating the accuracy of the contact location esti-
mation when the object has small radius, 11 locations were
marked on the fingertip andmeasured using the robot manip-
ulator following the same procedure shown above, Fig. 10a.
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Fig. 11 The test set-up for validating the estimation accuracy of the
contact sensing finger in terms of the normal force, f n, the friction
force, f t , and the local torque, q; an ATI nano17-E force/torque sensor
was used for bench marking; the sensor’s z axis is aligned with the
vector f n and q, the x–y plane is parallel with the tangential plane of
the contact location

During tests, a thin rod tip was used to touch each marked
location 10 times. The contact forces were between 0.5 and
3 N. The identified contact locations were compared with the
ground-truth values. The results show that the RMSE of the
estimated contact location is 0.32 mm which is comparable
to the accuracy of the flat area contact shown in Fig. 9.

4.2 Contact forces estimation

To validate the estimation accuracy of the estimation error
for normal force, friction force and the local torque, a test rig
was set up as shown in Fig. 10. A six-axial ATI Nano17-E
force/torque sensor was used as the benchmark sensor. The
used benchmark sensor has a flat end-surface which is per-
pendicular to its z axis. When the benchmark sensor is in
contact with the fingertip surface, the z axis of the bench-
mark sensor is coincident with the surface normal direc-
tion, Fig. 11. Thus the torque measured around the z axis of
the benchmark sensor, mz , is the local torque generated at
the finger surface; the force measured along the z axis of the
benchmark sensor, the fz , equals to the normal force fn ; the
magnitude of the resultant force of fx and fy of the bench-
mark sensor equals to the friction force, ft .

To evaluate the sensing accuracy with respect to the
applied magnitudes of friction force and local torque, exper-
iments were conducted under three different conditions.
(1) low local torque condition (Fig. 12): fn (0–8.5)N, ft
(0–4)N, q < 0.9Nmm, (2) low friction force condition
(Fig. 13): fn (0–6)N, q (−10 to 10) Nmm, ft < 0.4N;
(3) high friction and local torque condition (Fig. 14): fn (0–
10)N, ft (0–3)N,q (−10 to 0)Nmm.During these evaluation
tests, the benchmark device was guided by hand to bring the
fingertip into contact with the central top location of the fin-

gertip to apply forces and torque as indicated in Fig. 11. The
estimation accuracy is summarized in Table 1. Several obser-
vations can be made from Figs. 12, 13, and 14 and Table 1.
First, high friction force ft appears to be the main reason
for a high estimation error. The estimation errors for fn , ft
and q are all increased with the increase of ft . It can be seen
from Figs. 12 and 14 that when ft < 2.5N, both estimated
fn and ft match very well with the benchmark values, while
when ft > 2.5N, the deviations between the estimations
and benchmarks become notable. Second, when ft is low,
the increase of local torque has limited effect on the estima-
tion accuracy. It can be seen in Fig. 13 that the estimation
errors of fn and q are small despite the considerably large
local torque being applied. In addition, the combination of
high friction force and local torque will increase estimation
error considerably. As shown in Fig. 14 and Table 1, the esti-
mation errors increase 2–3 times when both high friction and
local torque are applied compared to condition 1 and 2 (as
shown in Figs. 12 and 13 respectively), indicating a limita-
tion of the proposed contact sensing algorithm. However, it
can be seen that the estimation error under the worst-case
is still relatively low (4.5% for fn , 18.9% for ft and 27.8%
for q). Hence the proposed algorithm represents a promising
approach to estimate the instantaneous fn , ft and q in robotic
applications.

4.3 Limitation tests

Additional tests have been carried out to identify the practical
limitations of the proposed method for contact sensing with
respect to the apply forces and the local torque. All tests were
conducted at a single location which was chosen at the centre
top location A (x = 0, y = 0) on the fingertip, as shown in
Fig. 7b. To evaluate the limitation associated with the friction
force, the benchmark sensor shown in Fig. 11 was manually
held to contact the fingertip vertically at location A and hori-
zontally apply friction forces along the y-axis. To obtain high
friction force levels, a rubber tape (friction coefficient (FC)
≈ 1.0) and a double-sided tape (FC ≈ 2.3) was glued on the
flat end of the benchmark sensor respectively. Friction tests
were repeated three times for both the double-sided tape and
the rubber tape.

Contact sensing results are shown in Fig 15. It can be seen
that, with FC ≈ 1.0, the estimation error of the contact loca-
tion is still acceptable and the estimated contact locations
are coincident with the experimental observation. However,
with FC ≈ 2.2, the errors of the contact location estimation
become significant and diverged from the location A. The
errors that occur for high friction forces probably result from
internal strains and stresses in the distorted rubber that shift
the pressure distribution to a non-elliptical patternwhich can-
not be coped with by the proposed method. To evaluate the
limitation of the algorithm associated with the applied local
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Fig. 12 The estimation of the normal force, f n (left) and the friction
force, f t (right) when applying a low local torque q(<0.9Nmm) as
well as the estimation errors; the blue solid lines are the benchmark

values, the red solid lines are the estimation results; the black dotted
lines are the estimation errors (Color figure online)

Fig. 13 The estimation of the normal force, f n (left) and local torque
q (right) when applying a low friction force, f t , (<0.4N) as well as
the estimation errors; the blue solid lines are the benchmark values, the

red solid lines are the estimation results; the black dotted lines are the
estimation errors (Color figure online)

torque, similar procedures as the local torque evaluation tests
described in Sect. 4.2 were conducted at the location A. Due
to the limitation of the force/moment range of the Nano17
force sensor, local torque with the maximum magnitude of
16Nmm was applied. It can be seen that the algorithm pro-
vides accurate estimation within the tested range of local
torque, indicating a good robustness against the high local
torque, Fig. 16. The algorithm limitation associated with the
compressive normal force was also investigated. During the
test, the normal force was applied at location A and was
incrementally increased and decreased using a linear guide.
The results show that the algorithm is very robust against the
normal compressive force, Fig. 16.

The computation costs of the algorithm is evaluated using
MatlabTM on a PC (2.40GHz Intel� CoreTM 2 Duo proces-
sor and 2GB RAM). It was found that the algorithm takes
7–42 iterations to converge. The average computation time
for the contact sensing is between 158 and 242 Hz. Experi-
mental evaluations show that the proposed iterative algorithm
has very robust performance.The robustnessmay come from:
(1) the uniqueness of the solution for the convex shape con-
tact as proven in (Bicchi et al. 1993), resulting in a single
global minimum for the cost function g(x) used in the itera-
tive method; (2) the existence of a single global minimum in

g(x) helps the algorithm to find an approximated solution in a
gradient descent manner even when noise and measurement
error exist. The developed algorithm has been implemented
under Robot Operating System (ROS) platform, providing
the outputs at 100 Hz (10 ms) to the hand controller which is
described in the following section. Under ROS, force/torque
sensor sampling rate is set at 1,000 Hz (1 ms), the compu-
tation time of the contact sensing algorithm for each given
force/torque measurements is 4–6 ms. Hence the algorithm
computation speed is suitable for the overall control loop.

5 Surface following for object exploration

5.1 Contour following algorithm

Surface exploration by touch could provide rich information
such as surface local geometry, texture and friction proper-
ties (Okamura and Cutkosky 2001; Liu et al. 2012a). In this
paper, we develop a control algorithm to use the developed
contact sensing finger to follow the surface of an unknown
object for obtaining the surface characteristics including sur-
face geometry and friction coefficient. Given an unknown
or partially known rigid surface S, the objective of the
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Fig. 14 The estimation of the normal force, f n (top left), the friction force, f t ,(top right) local torque q (bottom) as well as the estimation errors;
the blue solid lines are the benchmark values, the red solid lines are the estimation results; the black dotted lines are the estimation errors (Color
figure online)

Table 1 The mean and
maximum errors of estimating
the normal force, friction force
and local torque

Error fn (N)
mean (max)

Error ft (N)
mean (max)

Error q (Nmm)
mean (max)

Condition-1: fn 0–8.5N, ft
0–4N,q 0–1.2Nmm

0.217 (0.332) 0.182 (0.393) 0.563 (0.855)

Condition-2: fn 0–6N, ft
0–0.4N, q −10 to
10Nmm

0.137 (0.182) 0.097 (0.237) 0.583 (0.783)

Condition-3: fn 0–10N, ft
0–3N, q −10 to 0Nmm

0.347 (0.396) 0.353 (0.612) 1.014 (2.012)

algorithm is tomove the fingertip from points A′ (initial posi-
tion) to B ′ (final position) while maintaining the contact to
the surface S with a constant magnitude of normal force fn
where fn = ‖Fn‖, Fig. 17. During this movement, the sur-
face geometry and friction coefficient can be then estimated
based on the estimation of contact position, contact force and
contact normal in frame (O).

Obtaining the contact surface normal is essential for a
contour following task, since the contact force control and
instantaneous finger motion control rely on the directions
of surface normal vector and its orthogonal counterpart, the
tangential vector. Most of existing works described in the
literature either assume that the end-effector is frictionless
so that the resultant force is equal to the normal force (Jatta

et al. 2006; Bossert et al. 1996) or use a vision system to cap-
ture the surface geometry (Chang 2004). The advantage of
using our contact sensing algorithm together with the devel-
oped fingertip is that the surface normal of contact can be
identified in real-time without the prior-knowledge of the
surface geometry. This is especially useful in the context
of dexterous hand manipulation where vision often has dif-
ficulties for surface estimation due to image occlusion by
fingers.

Assuming that the robot palm position X palm and orien-
tation R palm are known and � = [q1, q2, q3, q4]T is the
vector of joint position, the fingertip position X f and orien-
tation R f can then be calculated with the help of the finger
forward kinematic model.
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Fig. 15 The estimated contact
locations under high friction
coefficient (FC) contacts; the
tangential and normal force are
measured using the benchmark
sensor. The results show that the
algorithm provides accurate
estimation when FC ≈ 1.0,
however fails when FC is above
2 (Color figure online)

Fig. 16 The estimated contact locations under high local torque and compressive normal force.Bench local torques ismeasured using the benchmark
sensor. The results show that the algorithm provides accurate estimation for normal compression and good accuracy with high local torque (Color
figure online)

When the fingertip is in contact with S, the fingertip sen-
sor gives the measures of the contact force F(T ), contact
local torque q(T ), contact location p(T) and contact nor-
mal en(T). The subscript (T ) means that the data is given
in the fingertip frame (T ). The conversion of data from fin-
gertip frame (T ) to robot base frame (O) can be conducted
as follows (the subscripts of data in frame (O) are omit-
ted):

F = R f F(T )

q = R f q(T )

en = R f en(T )

p = X f + R f p(T ) (14)

In order to exploit that control scheme, the fingertip is
modelled as a virtual particle C with nominal mass m to
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Fig. 17 Sketch of a fingertip following a contour where frame (O)
refers to the robot base and (T ) refers to fingertip frame (frame in which
the sensor measurements are given)

simplify the algorithm. The contact location change in the
finger frame due to its rolling motion with respect to the
surface is not considered. There are three forces applied to
this particle: the active fingertip force Fa , the object surface
reactive Fr and the gravitational force mg where g is the
gravitational acceleration. The active contact force Fa can be
decomposed into two components: the normal force Fan and
the tangential force Fat as shown in Eq. 10. In order to make
the finger move while in contact, Fat ≥ k f r Fan , where k f r

is the dry friction coefficient at the contact position. To effec-
tively control the active contact force Fa exerted by the fin-
gertip, a force controller combining the direct (torque-based)
and the indirect (position-based) approaches by adjusting the
joint torque saturation limit (max-torque) has been used. The
details of this force controller are described in (Nguyen and
Perdereau 2013). For simplicity, we only consider a control
scheme for a dimensional case where the gravitational force
of the finger can be balanced by the object surface. Thus, the
gravitational force can be neglected to simplify the calcula-
tion. Consequently, the dynamics of this virtual particle is
governed by the following equation:

ma = Fa + Fr

where a is particle acceleration. Projecting this equation on
en direction and tangential plan, the following equations are
obtained (object surface is supposed to be fixed):

0 = man = Fan + Frn

mat = Fat + Fr t

In this study, static friction model of the contact is applied.
Since the contact point velocity is small, the dry friction coef-
ficient is used (Olsson et al. 1998). Consequently, the tangen-
tial reaction force can be approximated by: Fr t = k f r Frn . In
this situation, the contact position can be entirely controlled

by acting on Fat with a proportional-integral PI control to
reduce the position error ( pd − pc), where pd is the desired
contact position and pc is the current contact position. To
smooth the contact velocity, an intermediate variable pr is
created as temporary desired position or reference position
and the PI action is calculated over this variable, not on pd .
Let Ts be the sampling time of the control loop (Ts = 0.01s).
pr is generated by the following formula:

pr =
{
pi + Vd

pd− pi‖ pd− pi‖Ts, i f Ts <
‖ pd− pi‖

Vd

pd , i f Ts ≥ ‖ pd− pi‖
Vd

(15)

where pi is the initial contact position and Vd is a pre-set
velocity constant. Given a fixed velocity Vd and the time
interval of each control step, Eq. 15 indicates that the finger
will move to Pd if it is reachable given the time and veloc-
ity, otherwise it will move along the direction of the vector
pd − pi as far as possible. Once the reference position pr
is calculated, the desired tangential force Ftd (or Fat ) is
obtained through PI control as:

Ftd = Kp
(
pr − pc

) + Kp

i∑
0

( pr − pc)Ts

where Kp and KI are the proportional and integral gains. The
normal desired force Fnd is determined by Fnd = fnd en ,
where fnd is the desired normal force and en is the current
contact surface normal.

5.2 Experimental results of surface following

Experiments have been carried out using both simulations
and a ShadowTM robot hand. The simulation has been done
using Anykode Robotics Simulator with ODE as physical
engine. In the simulation, the robot hand has the same kine-
matic characteristics as the real one. It is also equipped with
a sensor similar to the real one at the fingertip. In the sim-
ulation, the robot hand was demanded to move its fingertip
from one position to another one on a curved surface that
is unknown to the robot. During the movement, the robot
is required to maintain the contact with the surface with a
normal contact force as constant as possible (2N). Under
the assumption that the palm is fixed, the contact points can
be estimated using joint encoder measurements and fingertip
sensor readings. These contact positions are recorded and the
contact point trajectory can be then used to deduce surface
geometrical characteristics. In addition to the normal force,
the tangential force is also recorded.When the velocity is not
null but small, the dry friction coefficient is approximated by
k f r = ‖Ft‖

‖Fn‖ .
The results of the simulation test are shown in Fig. 18a. It

was found that the normal force varied between 1.2 and 2.7
N during the simulation. For the experiments on the Shadow
hand, the same procedure has been conducted: the palm is
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Fig. 18 Estimated contact position and dry friction coefficient k f r (the
value of the friction coefficient is given in colour scale). a shows the
results from the simulation. b shows of results from a contour following
experiment using the real hand (the red dashed line shows the real finger

motion path and the 3D plot shows the identified contact trajectory of
the finger motion). c shows the estimated friction coefficient k f r using
the ShadowTM hand (Color figure online)

fixed to a laboratory frame; the fingertip is controlled tomove
from one point to others on an unknown surface, Fig. 18b.
The desired contact normal force was set to 0.6 N for the
real hand experiments. The reason of lowering the reference
normal force from 2 to 0.6 N is to avoid the stick-slip phe-
nomenon observed when sliding the rubber skin enveloping
the finger onto a rigid object surface with a normal force
≈2 N. The contact trajectory and the dry friction coefficients
are estimated using the same algorithm described above. The
results of this experiment are shown in Fig. 18c. It was found
that the normal force varied between 0.7 and 1.5 N during the
test. These results are promising and show strong potential
of using the contact-sensing fingertip in exploring object sur-

face for the grasping and dexterousmanipulation tasks. How-
ever it was also observed that the surface following control
has issues regarding normal force control quality and target
location reachability. One of the reasons may be due to the
high friction coefficient k f r between the rubber material and
the object. It can be seen in Fig. 18 that k f r > 1.0 at sev-
eral places along the path. The high friction could result in
inaccurate estimation of the surface normal as demonstrated
in Sect. 4.3, thus impairing normal force control. In addi-
tion, the proposed surface following control assumes precise
fingertip position control. Thus the error of finger position
estimation due to the accumulated sensing errors of the fin-
ger joint angles could also deduct the control quality. An
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in-depth analysis of the controller will be carried for future
work.

6 Discussion and conclusion

This paper introduces a novel contact-sensing algorithm for
a fingertip with deformable rubber skin equipped with a 6
axis force/torque sensor. Experimental studies demonstrate
that the sensing algorithm is capable of providing accurate
contact information along the whole surface of the finger-
tip at high speed with both large radius contact and small
radius contact. There are few limitations associated with the
current development of the contact-sensing fingertip. First,
the relationship between the surface deformation and the
normal reaction force is approximated using a single equa-
tionwithout considering surface geometry properties. Exper-
iments show that this approximation works well when the
normal force is below 6 N. However, in order to increase
the working range of the fingertip, further analysis taking
into account the surface geometry is required. In addition, a
comparison study is required to evaluate the algorithm accu-
racy and computational efficiency with respect to different
modelling techniques of soft material and numerical meth-
ods. This study will be carried out in the future work. Several
studies are planned to be carried out in the future to improve
the applicability of fingertip contact sensingmethod. Despite
the promising results, the current surface following algorithm
still presents some limitations. The first one concerns the
magnitude of the normal force: to date, this normal force is
still high (∼1N) during the exploration. This makes it dif-
ficult to explore light weight objects without moving them.
One potential improvement is to make the fingertip force
control more precise and rapid. The second issue is that this
contour following controller searches for a local minimum
only (closest point to the destination). Because of this, the
finger could be trapped locally in some situations. In order
to improve this, intermediate paths should be generated by
a higher level program with the help of vision system or
random search processes. Future work aims to improve the
surface following control method to enable a dexterous hand
equippedwith the contact-sensingfingers to stably explore an
unknown object and efficiently carry out fine in-hand manip-
ulation.
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