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Abstract— Grasp and manipulation is a complex task, deceivingly simple to accomplish for humans in everyday life,
yet challenging to implement in a robotic hand. There is a
trend in literature to use information obtained from studies on
human grasp for the design and control of robotic manipulators.
However, the effectiveness of such approach is dependent on the
measurement tools that are available for use with human hands.
While there are many sensing solutions that are designed for
this purpose, obtaining a complete set of measurements of forces
during grasp interaction is still challenging. In this work we
aim to bridge this gap by introducing ExoSense, a passive hand
exoskeleton. This device can provide position and orientation of
the fingertips and, when integrated with the fingertip wearable
force/torque sensing system ThimbleSense, a complete characterization of manipulation in terms of generalized forces and
position of contacts on each fingertip in a completely wearable
and unconstrained manner. After validating the device in terms
of end-effector posture measurements and overall accuracy of
grasp measurements, we report on a preliminary experiment
aiming to show the potentialities of the system to study
human internal grasp force variations and for neuroscientific
investigation in general.

Fig. 1: ExoSense.

I. I NTRODUCTION
As humans, we are capable of complex manipulation tasks,
thanks to the extraordinarily bio-mechanic and sensorymotor architecture of our hands. Although trying to artificially replicate such an architecture would be clearly unfeasible, there is convincing evidence that valuable information,
both kinematic and force related, can be extracted from
human hand behavior to inform the design, control and
sensing of artificial systems [1]. Information obtained from
postural measurements, in particular the coordinated interfinger kinematic behavior described in terms of synergies,
can be used to devise simplified and effective design guidelines for robotic hands [2]. The study of human force control
can also offer interesting insights in terms of robotic manipulation. For example, [3] shows a bio-inspired sensing setup
for robotic hands that aims to detect mechanical transients
during grasp, while [4] uses a similar approach on grippers
endowed with pressure arrays aiming to mimic capabilities
of human tactile afferents. In [5] a five-fingered robotic hand
is presented, inspired by force measurements obtained from
humans grasping and lifting sensorized cylinders of different
weights.
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Study of grasp in robotics is traditionally done by a
complete mathematical description of fingertip interaction
with the grasped object [6]. A description of human grasp
in the same terms would help to translate biology results
in technological implementations: this however requires an
exhaustive description of force and torque exerted by fingers
and contact points on the grasped objects. There are not
many wearable tools in the literature that can provide this
kind of measurements: typical solutions for force sensing
in hands use gloves endowed with tactile sensors [7], [8],
[9]. While this represents a useful way to obtain global
information on the tactile interaction, it cannot provide the
complete information that was mentioned above. Different
approaches can also be taken, e.g. [10] showed that visionbased force sensing could be feasible, while [11] uses an
interesting approach that estimates forces on the fingertip
from fingernail imaging techniques. However, to the best
of our knowledge, there are no tools to retrieve contact
points and force information in a wearable manner. To
address this gap in [12] we introduced the ThimbleSense, a
wearable fingertip sensing system that relies on force/torque
measurements to obtain the location of contacts through the
intrinsic tactile sensing [13] algorithm.
The approach proposed in [13] presented two limitations:
(i) wearing rigid shells on the fingertip causes a distortion
of the tactile sensation, and (ii) a motion capture system
with LEDs was used to track position and orientation of the
fingertips. Regarding (i), this is a limitation that is intrinsic
in the approach chosen: in [12] an evaluation of its effect
was done, and it was considered a reasonable trade off to

(a) Following the finger.

(b) Close parallel with sliding joints.

(c) Far parallel 6 d.o.f.
kinematic chain (used for
the thumb).

(d) Far parallel 5 d.o.f.
kinematic chain (used for
the fingers).

Fig. 2: ExoSense concept: possible solutions.

be able to obtain the complete set of measurements that
the system can provide. For what concerns instead (ii), it
would be desirable to have a system that is completely
wearable, to allow an ecological investigation of human
behavior. In this work we aim to resolve this problem. A
common wearable approach to retrieve fingertip pose is to
endow a glove with sensors, e.g. goniometers [14], [15],
[16] or inertial measurement units [17], [18]. This has the
advantage of being able to track movements with limited
obstruction for the user, however it can run into problems
when it comes to fitting (for example, goniometers need to be
placed over joints to be effective, which makes the approach
difficult to adapt to different sizes) and can be obtrusive.
Other approaches (e.g. marker based [19], [20] or vision
based [21], [22], [23]) rely on external sensors and would
not be suitable for a self-contained wearable system.
The approach that we chose to pursue is to integrate
ThimbleSense with a passive hand exoskeleton. Design of
hand exoskeletons is a popular topic in literature, and there
are a few that can provide measurement of hand kinematics
as well as haptic feedback (e.g. [24], [25], [26], [27]):
however, these systems are actuated, and usually designed
for use in rehabilitation, and are not meant to be used
primarily as a measurement tool to study grasp. Our idea,
inspired by [27], is to present a passive exoskeleton (named
ExoSense) that enables for the first time to get a complete
force characterization in a wearable way. Furthermore, this
approach could also provide a tool for a combined kinematic
and force characterization, enabling to study synergistic
patterns of these in a combined manner. Finally, ExoSense,
thanks to its design and wearability, could be used as an input
device to enable control of robotic hands in teleoperation.
II. P ROBLEM STATEMENT
To build a device to obtain a force characterization of
the human hand during fingertip grasping and manipulation
tasks, one must combine a system capable of reconstructing
the force and torque exchanged between each finger and
the object, with a method of localizing the position and
orientation of the fingertips in space. This paper deals with
the problem of designing, implementing, calibrating and
testing a solution for the latter, which is integrated with
a wearable force/torque sensor. Considerations on overall
system wearability led us to the choice of realizing the device
in the form of an exoskeleton.
Given the five fingers of the human hand, each finger can
be regarded as a chain of three links, with an Universal

joint (U) between the first phalanx and the palm, and with
two rotational joints (R) between the first and second and
between the second and third phalanges - i.e. an URR
kinematic chain. The thumb makes an exception to this
model, being more similar to an UUR kinematic chain or,
following some sources, a SUR chain (i.e. with the first joint
being Spherical).
The most straightforward approach for the implementation of an exo-skeletal solution consists in mimicking the
kinematics of the finger and attaching the components of the
exoskeleton to the phalanges of the fingers, one by one. A
simple way to do this is depicted in Fig. 2 (a). However, this
solution has the drawback of placing the exoskeleton on the
sides of the fingers, potentially hindering the natural motions
of the finger themselves. Moreover, with this approach it is
critical to copy the finger kinematics exactly. This, in turn,
can be a problem because of the extreme variability in sizes
of hands among different subjects, and even more because
of the inter-subject variability of the effective kinematics of
the hand (e.g. see [28], [29]). Indeed, the rotational joints of
the fingers are not completely parallel to the palm plane nor
orthogonal to the finger main axis, but are slightly slanted of
a different angle for every person. Looking closer, they are
not pin joint at all, but are more similar to rolling pairs.
To avoid dealing with part of these problems, there are
approaches as the one shown in Fig. 2 (b). On this solution
the rotational joints of the exoskeleton are kept parallel
to the joints of the finger by the addition of several (5)
sliding joints to the structure, which makes the design much
more complex. This solution has the advantage of being
positioned above the finger rather than on its side, reducing
the encumbrance, and is also capable of adapting to different
fingers length. Nevertheless, it still has some problems when
facing inclination of the finger rotational axes. Note that both
solutions (a) and (b) in Fig. 2 have the potential of causing
distress or pain to the user’s hand due to misalignment of
the rotation axes, thus need to include some compliance in
the attachment between the hand and the exoskeleton itself.
Pushing to the extreme consequences the ideas of solution
(b), we can totally decouple not only the intermediate joints
but also the links of the finger and exoskeleton and realize
the exoskeleton in the form of an independent parallel
kinematic chain, attached to the finger only by the fingertip.
This solution, inspired by [27], where a similar design was
implemented for a three-finger actuated exoskeleton, reduces
the coupling between the exoskeleton and the finger, hence

also the encumbrance and the user’s discomfort. The main
drawback of this solution is the difficulty of reconstructing
the full configuration of the fingers, because it must be based
on some model of the finger - either calibrated offline or estimated online - but this is not a problem for our application,
where only the position of the fingertip is needed. This can
be reconstructed simply from the forward kinematics of the
exoskeleton. For these reasons, in this paper we adopt this
solution and extend it to the whole hand.
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III. D ESIGN
Following the approach described in the previous section,
we developed the exoskeleton as a series of kinematic chains
attached to a common base. We used the six degrees of
freedom (d.o.f.) solution shown in Figure 2c for the thumb,
which is more complex than the fingers [30], while the five
d.o.f. shown in Figure 2d was preferred for the fingers. In
this section we describe the final CAD model of ExoSense,
as well as the hardware and software used with it.
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Fig. 3: ExoSense CAD model and components.
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A. CAD model
Figure 3 shows an overview of the CAD model and its
components. As mentioned earlier the kinematic chains are
composed of six joints for the thumb and five for the fingers,
and a ThimbleSense is assembled at the end of each chain.
The kinematic chains are identical for index, middle and ring
finger, while the little finger has a kinematic chain with the
same joint structure but different size of the links. The inner
shells of each ThimbleSense were replaced with a custom
designed shell that can be assembled to the last link of
ExoSense. These custom shells have each a slot that is used
in the calibration phase. The thumb kinematic chain also has
an element that is used to lock in place the first degree of
freedom, and which is removed after the calibration phase.
The magnetic encoders (As5045 from Austria microsystem, ±0.01 deg) are assembled in a similar manner on each
joint, as shown in the detailed view in Figure 3, and are
connected to each other and to the boards through standard
FFC connectors. A separate board is used for each finger,
and all five of them are located in the box, which is
assembled to the base representing the starting point of all
five kinematic chains. All the electronic boards used in the
device were developed under the Natural Machine Motion
Initiative (more information is available in [31]).
An InvenSense MPU-9250 IMU is placed on the box,
connected to its own board. The five encoder boards are
connected in daisy chain and are then plugged to a laptop
through a USB cable; the IMU board is instead connected
directly to a laptop through USB. Finally, the ATI nano 17
Force/Torque sensors [32] used by the ThimbleSenses are
connected to a switch through ethernet and data from them
is fed to the laptop by an ethernet cable. The overall sampling
frequency of the system is 12 Hz. The structural components
of the exoskeleton are all 3D printed and built in ABS.
To have correct readings from the encoders a calibration
procedure is needed. This is obtained using of a suitable
calibration structure (Figure 4a), which can also be employed
to store the exoskeleton safely when it is not being used.
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(a) CAD model of the calibration structure.

(b) ExoSense assembled on
the calibration structure.

Fig. 4: ExoSense calibration and physical prototype.

Proper reference for each end effector is obtained through
supports placed on the structure, each having a slot corresponding to a negative of the inner shell of a ThimbleSense.
To ensure proper placement of the shells on the structure,
blocking plates are assembled on each inner shell through
their open slots, and they are fixed on the calibration structure
with screws, blocking the system completely. Calibration is
then performed by setting the zeros of the encoders on each
board. Figure 4 shows the physical prototype assembled on
the calibration structure: this is the zero configuration of
ExoSense, which will be used as a reference for all data
acquisitions.
B. Software
To have feedback on the performance of ExoSense, a
visualization tool was deemed necessary. ThimbleSense used
MATLAB as a visualization interface, by importing the CAD
model and showing contact points and forces applying on
them: however, owing to the much more complex structure
of ExoSense, this solution would not work well in this
case, since the higher number of elements would slow down
rendering and cause lag when attempting to do visualization
while also reading the sensors.
For this reason, while we will still be using MATLAB for
post processing and analysis of data, we decided to instead
visualize our results during acquisition with Blender [33].
Blender is a free and open source 3D creation suite, that can
also be interfaced with sensors and used as a virtual reality

a modified calibration structure; then an overall validation
of the grasp measurement is performed by comparing the
measured wrench to a ball of known weight, and by verifying
a lack of variation of internal forces while squeezing the
same ball.
A. Posture estimation
For the first step we designed a new set of supports to be
placed on the calibration structure, by inserting an extrusion
of 20 mm between the base and the interface with the shells
for the supports used for calibration (Figure 6a). ExoSense
was then placed on this new structure and data from the
encoders was recorded through the Blender interface.
(a) Reconstruction of ExoSense in the virtual environment.
Modi ed
supports

(a) CAD model of the modified calibration structure for evaluation
of posture estimaton accuracy.

(b) Example of use of the virtual reality environment.

Fig. 5: Visualization.

environment. The CAD model of each link was imported in
Blender, and the kinematic chain defined based on geometry
information obtained from the CAD. The electronic boards,
which come with their own C++ code that can be used to
obtain data from them, were then connected to the software
by compiling the C++ code into Python modules through
Cython [34]. Since Blender supports use of Python, this made
it possible to read all sensors directly in Blender. A similar
procedure was used to read the ATI sensors by building their
own C++ libraries in a Python module.
The encoder readings were fed to the Blender game engine
which calculated the forward kinematic to visualize the
movement, while the data from the IMU was used in a
passive complementary filter [35] to estimate orientation of
the base, which is used for visualization purposes and to
know the direction of gravity. Knowledge of the forward
kinematics makes it possible to know position and orientation
of each ThimbleSense, which are rigidly attached to the
end effectors of each finger. Position of contacts on the
ThimbleSense shells is also estimated by using the intrinsic
tactile sensing algorithm described in [13], and contact
centroids as well as forces are visualized.
IV. VALIDATION
In this section we describe a validation procedure aiming
to evaluate the performance of the ExoSense. This validation
is composed of two distinct phases: first posture estimation
of the end effector is evaluated by assembling ExoSense on

(b) Posture reconstruction on MATLAB.

Fig. 6: Posture estimation.

Components
x [mm]
y [mm]
z [mm]
roll [deg]
pitch [deg]
yaw [deg]

Thumb
0.917
1.239
0.114
3.835
3.771
0.872

Index
2.002
0.554
0.669
0.039
1.208
0.256

Middle
2.429
0.083
0.756
0.0490
0.1370
0.0917

Ring
3.106
0.397
0.476
0.0656
0.279
0.427

Little
0.0445
1.064
0.0432
0.0631
2.395
0.411

TABLE I: RMSE for position components and roll, pitch and
yaw, for each finger.
Figure 6b shows a reconstruction obtained in MATLAB,
from which a visual check shows that the end effectors
appear placed correctly on the new structure. Table I shows

a more in depth quantitative analysis of the error, obtained
as a difference between the position and orientation of the
end effector as known by the CAD in the new validation
structure, and the same quantities as measured by the forward
kinematic calculated by the encoder. Both are expressed with
respect to the base reference frame shown in Figure 6b.
The quantitative results show an error of a few millimeters/degrees respectively, which substantially confirms the
first visual impression.
B. Complete grasp validation
The second phase of the validation aims to evaluate
the overall performance of ExoSense when it comes to
measuring grasp, considering all measurements (encoder
readings, orientation estimation from the IMU, force/torque
measurements and contact point estimation) simultaneously.
We followed a procedure similar to the one used in [12],
relying on the framework presented in [6].

where ∧ (·) is the skew-matrix operator and c1 . . . cn f are the
contact points coordinates calculated through the intrinsic
tactile sensing algorithm [13], expressed in a reference
system with origin in the center of mass of the ball b and
oriented as the fixed base frame {B}.
The position of the center of mass of the ball is not
measured exactly by the system; however, since we can
reasonably assume that the center of mass is the same as
the geometric center, we can estimate its position from the
contact centroid algorithm. More specifically, an estimate bi
of the ball center can be obtained as
bi = ci + Rni ,

(3)

where R is the radius of the ball in mm and ni is the unit
vector normal to the contact surface during grasp, which
can be obtained from the intrinsic tactile algorithm. The ball
center position estimate b can then be obtained as
b=

1
nf

nf

∑ bi .

(4)

i=1

where n f = 5 is the number of fingers in contact. We now
have everything we need to verify goodness of measurements
and can compute the wrench error as

T
e := w̄ − Gt = e fx e fy e fz eτx eτy eτz ,
(5)

{B}

where w = w̄ = [0, 0, −mg, 0, 0, 0]T , with g = 9.81 m/s2 , is
the weight wrench which is known from knowing the mass
of the ball.
Components
RMSE
Percentage RMSE
Components
RMSE

fy
0.12 [N]
2.29%
τy
22.0[N mm]

fz
0.14 [N]
2.72%
τz
29.0 [N mm]

TABLE II: RMSE for the grasp equilibrium condition (error
wrench e).

Fig. 7: Grasp validation: reconstruction of grasp.
More specifically, a sponge ball (mass m1 = 0.053 Kg,
radius R1 = 50 mm) was grasped by a subject (male, age
29) while wearing ExoSense, using all five fingers (n f = 5)
to interact with the object. The task was a simple lift and
hold of the ball. Validation studied the data registered during
the experiment, by first checking that the grasp equilibrium
condition was verified during the holding phase, and then
seeing if the internal force variation was inside the null space
of the grasp matrix. Figure 7 shows a reconstruction of the
grasp in MATLAB, as well as the base reference frame {B}
respect to which all links postures are calculated.
To verify equilibrium, we needed to check that the vector
of generalized forces t ∈ R6n f , as measured from ExoSense,
was coherent with the applied external weight wrench w ∈ R6
as described by the grasp equation
w = Gt,

fx
0.11 [N]
2.07%
τx
22.7[N mm]

(1)

which holds under quasi static conditions. The grasp matrix
G ∈ R6×6n f can be obtained as


I3 03×3 . . .
I3
03×3
G=
,
(2)
∧c
∧c
I3
I3
nf
1

Figure 8a is a double plot showing the evolution of
norms of forces on the fingertips and estimated ball position,
respectively. A transitory effect is noticeable at the beginning
while the ball is being grasped, and is followed by a time
interval where the ball position is more stable: this time
frame is shown by the two dashed lines in the plot showing
the ball position. This is the portion of the task where quasi
static conditions have been considered to hold and will be
used for the rest of the analysis.
Figure 8b shows the overall wrench error. From the
zoomed in detail it can be seen be seen that the force
error overs between ±0.2 N in the stable contact range,
while the torque error is between ±30 N mm. Figure 8d
shows the percentage error, obtained by normalizing the
force components of e respect to the norm of force measured
on the thumb, as was done in [12]. In can be seen that the
error is in the ±4% range. Table II quantifies the performance
more accurately by showing root mean square errors (RMSE)
for force and torque components. The results appear to be
comparable respect to what was observed in [12], with some
quantities showing a better performance.
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eΠ := ΠG (∆t) − ∆t =
iT
h
= eΠ fx eΠ fy eΠ fz eΠτx eΠτy eΠτz .
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since ∆t ∈ N (G) it should be true that ΠG (∆t) = ∆t. We
can then define the error

0.4

efx
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We now proceed to studying internal forces variation
during the task. Let us consider ∆t = tk − t0 , where t0
is the generalized force measured at the initial sample s0
(corresponding to the first sample of the stable zone, e.g.
first dashed line in Figure 8a) and tk is the force measured
in a generic later sample sk . Since the ball is held still, the
external wrench w is not changing, and from w = Gt0 =
Gtk ∀k follows that the vector ∆t, non-null for variation of
forces, lies in the null space of G (∆t ∈ N (G)). It is known
from grasp theory and linear algebra ([6], Meyer [36]) that
(I − G+ G), where I is the identity matrix, is a projector to
N (G). Therefore, if we compute


ΠG (∆t) := (I − G+ G)∆t = I − GT (GGT )−1 G ∆t
(6)
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Fig. 9: Internal force projection error.
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Figure 9 shows the evolution of this error for the force
components, quantified in this plot as the RMSE of each
component over all fingertips, for each sample. Table III
shows the overall RMSE during the acquisition, for each
component and each finger. Results are again comparable
with respect to what was found in [12].
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Fig. 8: Grasp validation: forces, position of the grasped
sphere and percentage force error.

V. P RELIMINARY E XPERIMENTS
In this section we show a preliminary experiment that aims
to show an interesting scenario where ExoSense could be
used to study force behavior during grasp. Figure 10 shows
the experimental setup: a larger ball (mass 64 g, radius 50
mm) was attached to a second ball, of mass 320 g and radius
33 mm. The spheres were placed in a cylindrical container,
with the smaller and heavier one laying below. The task
consisted in grasping the larger one and lifting both up.
Figure 11a shows the evolution of forces. It can be noticed
that the z component of overall force measured by the
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Fig. 10: Experimental setup for the final experiment.
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VI. C ONCLUSIONS
In this work we presented ExoSense, a passive hand
exoskeleton designed to provide complete measurement of
grasp, thanks to its integration with the fingertip wearable
force/torque sensing system ThimbleSense and the usage of
the intrinsic tactile sensing. ExoSense enables to retrieve the

(b) Measured wrench and norm of forces during the double sphere
task.
2

Normalized Forces

ThimbleSenses increases first to a value slightly higher than
the weight of the first ball (where the difference can be
ascribed to the wire connecting the two), and then increases
again when the second ball is lifted to the overall weight of
the two balls (the lower dashed lines includes the weight of
the wire). Figure 11b shows the evolution of norms of forces
on each fingertip: while the norms are clearly different, the
evolution shows a similar behavior over the different fingers.
To investigate this aspect, the mean value and standard
deviation of each norm was calculated, for each fingertip,
over the interval of time where the grasp was occurring, as
individuated by inspection of force values (dashed vertical
lines in Figure 11b). We then normalized each signal by
subtracting the mean and dividing by the standard deviation.
The result is shown in Figure 11c: it can be seen that, once
normalized, the evolution of forces for all fingers except the
index is visually almost the same. Indeed, looking at the
correlation values, correlation was found to be greater or
equal than 0.94. Since only one subject was involved on
a single trial, we cannot make any strong claims on this
preliminary result: however, the implications in term of the
possibility of force synergies are interesting, and we believe
that further investigation in a more structure experimental
protocol would contribute to the already existing research
on the topic (e.g.[37]).
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(c) Normalized norm of forces on fingertips.

Fig. 11: Experimental setup for the final experiment.

ThimbleSense pose in a global inertial frame, thus allowing,
for the first time, a completely wearable way to characterize
human grasping. We validated the device obtaining errors of
≈ 3 mm for position and ≈ 3 deg for orientation. In terms
of force and toque measurements, RMSE were respectively
below 0.15 N (≈ 2.8% of thumb force norm) and 30 N
mm. We also showed a preliminary experiment whose goal
was to show the potentialities of ExoSense in studying multi
finger force variation at fingertips. These variations are a
result of variation of external forces, showing interesting
commonalities of norm of forces on each fingertip.
The findings ExoSense will enable to achieve could be
then profitably translated for the force control of artificial
end-effectors, in a mutual inspiration between robotics and
neuroscience. At the same time, it could offer a portable

solution to assess the outcomes of rehabilitative procedures.
Future work will move in a twofold direction: on one hand
we will continue to develop the device to make it lighter and
less intrusive in terms of both size and weight, while on the
other we will begin using this device to investigate human
manipulation. Usage of the ExoSense as an input device to
remotely control robotic hands in tele-operation will also be
evaluated.
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