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First published February 22, 2017; doi:10.1152/jn.00546.2016.—Be-
cause of the complex anatomy of the human hand, in the absence of
external constraints, a large number of postures and force combina-
tions can be used to attain a stable grasp. Motor synergies provide a
viable strategy to solve this problem of motor redundancy. In this
study, we exploited the technical advantages of an innovative sen-
sorized object to study unconstrained hand grasping within the theo-
retical framework of motor synergies. Participants were required to
grasp, lift, and hold the sensorized object. During the holding phase,
we repetitively applied external disturbance forces and torques and
recorded the spatiotemporal distribution of grip forces produced by
each digit. We found that the time to reach the maximum grip force
during each perturbation was roughly equal across fingers, consistent
with a synchronous, synergistic stiffening across digits. We further
evaluated this hypothesis by comparing the force distribution of
human grasping vs. robotic grasping, where the control strategy was
set by the experimenter. We controlled the global hand stiffness of the
robotic hand and found that this control algorithm produced a force
pattern qualitatively similar to human grasping performance. Our
results suggest that the nervous system uses a default whole hand
synergistic control to maintain a stable grasp regardless of the number
of digits involved in the task, their position on the objects, and the
type and frequency of external perturbations.

NEW & NOTEWORTHY We studied hand grasping using a sen-
sorized object allowing unconstrained finger placement. During object
perturbation, the time to reach the peak force was roughly equal across
fingers, consistently with a synergistic stiffening across fingers. Force
distribution of a robotic grasping hand, where the control algorithm is
based on global hand stiffness, was qualitatively similar to human
grasping. This suggests that the central nervous system uses a default
whole hand synergistic control to maintain a stable grasp.
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WHENEVER WE GRASP and lift an object, our sensorimotor system
is faced with the challenging task of precisely controlling the
multiple degrees of freedom of the hand, such as joints and
muscles to counteract the interaction forces and torques. Ad-
ditionally, the sensorimotor system has to take into account the
object’s properties, such as its shape, estimated weight, center
of mass, friction coefficient, and the goal of the planned action
to achieve grasp stability (Fu et al. 2010; Lukos et al. 2007,
2008). The control of finger forces in grasping and manipula-
tion tasks requires a combination of sensorimotor predictions
and feedbacks from the somatosensory and the visual system
(Johansson and Flanagan 2008; Johansson and Westling 1984;
Westling and Johansson 1984). Specifically, a feedforward
mechanism is engaged on the basis of predictions derived from
internal representations of the hand and the object. The feed-
back mechanism is engaged at late grasping stage when pre-
diction error arises, thus generating corrective responses and
updating the internal representations of object properties (Jo-
hansson and Flanagan 2008). Finally, controlling the muscle
activation threshold has also been proposed as an alternative
mechanism, i.e., the muscle length at which motor neurons
begin their recruitment (Latash et al. 2010; Pilon and Feldman
2006; Pilon et al. 2007).

Because of the many degrees of freedom of the human hand,
a given object can be grasped successfully in many different
ways and with virtually an infinite number of distinct postures.
Therefore, the central nervous system (CNS) has to master this
redundancy in the number of degrees of freedom to make the
most appropriate choice of digit contact points with the object
and modulation of grip, load forces, and torques across the
fingers (Friedman and Flash 2007; Russo et al. 2014).

Synergies are defined as a functional property of the senso-
rimotor system where a specific group of joints and muscles are
constrained to act as single units working toward a specific
motor goal (Santello et al. 2013, 2016). Hence, synergies could
provide a viable strategy to solve the problem of motor redun-
dancy (Latash 2012; Santello et al. 1998, 2013). In this study,
we exploited the technical advantages of an innovative sen-
sorized object to study unconstrained hand grasping within the
theoretical framework of motor synergies. In each trial, partic-
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ipants were required to grasp, lift, and hold the sensorized
object. The design of the sensorized object was such that in
each trial, participants could freely choose the location of the
digits on the object. During the holding phase, we repeatedly
applied external disturbance forces and torques. We recorded
the temporal and the spatial distribution of grip forces pro-
duced by each digit.

The current study had three aims. First, we investigated the
existence of idiosyncratic hand posture characterizing different
individual participants. To achieve grasp stability, the sensori-
motor system controls each digit’s placements and forces to
counteract the external torques and forces produced by gravity
and occasional perturbations (Baud-Bovy and Soechting 2002;
Friedman and Flash 2007; Fu et al. 2010; Naceri et al. 2014).
In most previous studies, the position of the digits on the
grasped object was constrained due to technical limitations of
the experimental devices. In Fu et al. (2010), the authors
compared a constrained and an unconstrained two-digit grasp
(pinch grasping) and showed that the adoption of a non-
collinear digit placement in unconstrained grasping allowed
participants to optimize the grip forces. The authors reported
trial-to-trial variability in initial digit placements during un-
constrained grasping, as well as variability in force modulation
to digit placement to ensure the attainment of the target torque.
However, it is still largely unknown how participants control
digit placements in more complex grasping tasks that involve
more than two digits. We addressed this question by running a
cluster analysis on digit positions of individual participants.

The second aim was to evaluate whether participants con-
trolled independently each individual digit or, conversely,
adjusted the stiffness or force of the whole grasp, consistent
with the hypothesis of a synergistic hand control (Santello et al.
2013, 2016). To address this scientific question, we delivered a
variety of force and torque perturbations to systematically
assess the extent to which the distribution of force response
across digits would reflect specific perturbations. Alternatively,
participants could increase the global stiffening of the whole
hand, irrespective of the perturbation types. Previous studies on
constrained multidigit grasping suggested that the CNS con-
trols separately the normal force of each individual digit
depending on the external mechanical perturbations (Wu et al.
2012; Zatsiorsky and Latash 2004; Zatsiorsky et al. 2002).
Specifically, the index and the little fingers would play a
crucial role to counteract an external torque perturbation,
whereas the middle and the ring fingers would produce most of
the load force required for grasp stability. This hypothesis is
referred to as “finger specialization” (Wu et al. 2012; Zatsior-
sky et al. 2002). In contrast, other studies based on electro-
myographic recordings concluded that the CNS controls the
global hand stiffness rather than the grip force in individual
digits in tripod grasp (Winges et al. 2007). The authors ob-
served a force tuning at the levels of the individual digits, but
the maximum grip force tended to remain the same across
conditions, consistently with the hypothesis of a global hand
stiffness control (Winges et al. 2007).

In the current study, we analyzed the temporal distribution
of peak force exerted by each digit and cross-correlation of
digit force profiles in response to external perturbations to
determine whether force responses across multiple digits are
synchronous. This would support the hypothesis of a synergis-
tic control of the hand, regardless of the grasp configuration
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and perturbations (Winges et al. 2007). Conversely, a broad
distribution of digit peak forces and low cross-correlation
coefficients between force profiles would suggest an indepen-
dent control of the different digits. We further evaluated the
issue of independent control of the individual digits by com-
paring the force distribution of human grasping vs. robotic
grasping, where the control strategy was set by the experi-
menter. We controlled the global hand stiffness of the robotic
hand but not the force exerted by each digit, and we tested
whether this control algorithm produced a force pattern com-
parable with human grasping performance.

Finally, our third aim was to address whether participants
adjusted forces across digits during the holding phase on the
basis of sensory feedback from proprioception and touch
(closed loop) or predictive mechanisms (feedforward). We
hypothesized that the CNS would utilize a feedforward control
of multiple digit forces within a single perturbation and across
perturbations, in accordance with Budgeon et al. (2008). To
test our hypothesis, we delivered force and torque perturba-
tions within time intervals that were either predictable (peri-
odic) or unpredictable (aperiodic) while participants were in-
structed to hold the object stationary. If the hypothesis of the
feedforward control were true, participants should adopt a
similar motor strategy regardless the number of digits involved
in the grasping task, perturbation type, and perturbation fre-
quency.

METHODS

Participants. Twenty-one right-handed participants (8 women,
24 £ 6 yr of age) took part in the experiment. Five participants
participated in the two-digit condition, five participated in the three-
digit condition, five participated in the four-digit condition, and six
participated in the five-digit condition. All participants had no history
of neurological or motor deficits. The testing procedures were ap-
proved by the ethics committee of Bielefeld University, in accordance
with the guidelines of the Declaration of Helsinki for research involv-
ing human participants. Informed written consent was obtained from
all participants involved in the study.

Experimental setup. The experimental device, referred to as the
tactile object (TACO), records the position and the normal force
exerted by each finger on its sensorized surface and facilitates partic-
ipants freely choosing digit positions on the object for unconstrained
grasping. The TACO has a cuboid shape (length, / = 170 mm; height,
h = 85 mm; width, w = 55 mm). Four high-speed tactile sensor
modules (Schurmann et al. 2011), subsequently named “Myrmex,” are
mounted on two opposing faces of the cuboid. Each Myrmex module
provides a 16 X 16 tactile array on an area of 80 X 80 mm? and has
a sampling rate of up to 1.9 kHz and spatial resolution of 5 mm (one
sensor element). The TACO consists of four Myrmex (1,024 tactels)
modules mounted on both the front and back surface plane, two on the
front and the other two on the back (Schurmann et al. 2012). The
TACO allows us to simultaneously record the center of pressure and
the normal force exerted by each digit. The device is calibrated using
a force gauge with a force ranging from O to 25 N. During the
calibration, we varied the cross-sectional area of the gauge tip from 10
to 50 mm? with a step of 20 mm? to account for differences in
fingertip size between participants.

A mirrored screen occluded the participants’ hands and the TACO
from sight, removing any visual feedback of their hand location and
grasp. The mirror faced a computer monitor (21-in. CRT, SONY
CPDGS520, with a resolution of 1,280 X 1,024 pixels and refresh rate
of 100 Hz) that we used to display the visual stimulus. The visual
stimulus consisted of a rectangular cuboid, with the same dimensions
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Fig. 1. Experimental setup. A: participants binocularly viewed the mirror image of the visual scene. B: the TACO attached to the PHANToM force feedback
devices. Top left, 3-D virtual scene, where the purple cube color indicates to participants the desired height (red color otherwise, as shown in A). Bottom left,
TACO output image, where a yellow cross represents digit centers of pressure (CoPs).

of the TACO. Participants wore liquid-crystal shutter glasses (Crys-
talEyes) providing binocular disparity (Fig. 1A).

The TACO was attached to two PHANToM (SensAble Technolo-
gies) force-feedback devices to track its position and allow force/
torque perturbations to be applied during the holding phase of the trial
(Fig. 1B). The sampling rate of the PHANToM is 1 kHz, allowing a
precise position match between the simulation and the TACO. The
total mass of TACO is 0.470 kg. Because of the constraints of the two
PHANTOM devices, the TACO has five degrees of freedom: transla-
tion along the x, y, and z directions, and rotation along the yaw («) and
roll () axes (Fig. 2A).

In the control experiment, we replicated the task using the Shadow
Dexterous Hand (Shadow Robot Company, London, UK), which is a
humanoid robotic hand endowed with approximately the same kine-
matics and number of degrees of freedom as the human hand (Fig.
3A). The hand has 18 actively controlled degrees of freedom (DoF)
plus 2 DoF for the wrist (abduction/adduction and flexion/extension).
Movements of the Shadow Dexterous Hand closely resemble those of
a regular human participant (Rothling et al. 2007). An antagonistic
pair of McKibben-style pneumatic muscles actuates each joint in an
inherently compliant fashion, thus mimicking human muscle proper-
ties. We employed a stiffness control of the artificial muscles. The
stiffness was fixed during each grasping trial. The maximum normal
force produced by each finger opposing the thumb during object
perturbation was ~8 N. The Shadow Dexterous Hand was attached to

A y (yaw axis)

.= Qonone

C E

Fig. 2. Experimental protocol. A: world frame of reference. B: perturbation force
F, (downward). C: perturbation torques T, and T, clockwise (CW; T‘C,W and TZCW)
and counterclockwise (CCW; T)C.CW and TECW). D and E: examples of periodic (P)
and aperiodic (Ap) trials, respectively. Gray-shaded boxes represent intervals
when force/torque perturbations are applied.

a KUKA lightweight robot4+ “KUKA-LWR4+" as the end effector
(Fig. 3B) to mimic the lifting movements of the TACO performed by
human participants.

Procedures. Participants sat on a chair with an adjustable height.
Before the start of the grasping movement, participants’ forearms
rested on a plank with the palm of the hand facing downward.
Participants received an auditory “GO” signal, instructing them to
grasp the TACO and to lift it to a target height of 100-150 mm. A
simulated rectangular cuboid was displayed on the CRT via the mirror
with the appropriate size and in the same location as the TACO. Upon
lifting, the virtual representation of the TACO changed color to
inform participants that the TACO had reached the desired target
height. At that height, participants were asked to hold the TACO as
still as possible, irrespective of any disturbance forces acting on the
object. After having stabilized the TACO for ~20 s, participants
received another auditory signal cueing them to place the TACO back
on the table. In different experiments participants were instructed to
grasp the TACO with two, three, four, or five fingers (thumb-index
finger, thumb-index-middle fingers, thumb-index-middle-ring fingers,
or all fingers of one hand). Fingers not involved in the task were
extended and taped to a splint made of cardboard to prevent them
from contacting the TACO. The finger placements on the TACO were
self-chosen (grasping without constraints).

During the object holding phase, perturbation forces and torques
were applied using the PHANToM force-feedback devices. We eval-
uated five force/torque conditions (perturbation type) and two period-
ical/aperiodical perturbations (perturbation frequency). In the F, con-
dition, a force of 2.4 N was applied along the vertical direction
(downward; Fig. 2B). In the T, and T, conditions, torques of 0.25 N-m
were applied around the y- or z-axis (Fig. 2C), causing respectively
yaw and roll rotations around the TACO’s center of mass. Perturba-
tion torques, T, and T_, were applied in clockwise (CW) and coun-
terclockwise (CCW) directions. In one instance the applied force and
torques were turned “on” and “off” periodically (perturbation fre-
quency) and were thus “predictable” in terms of frequency and timing
(Fig. 2D). In the other instance, the applied perturbation forces and
torques occurred aperiodically. That is, the onset times for the per-
turbations “on” ranged at random between 1 and 3.5 s after the last
offset of the perturbation and had a random duration between 0.6 and
1 s. They were thus “unpredictable” (Fig. 2E). The rationale of this
experimental design was to test whether the grasping forces of the
fingers would depend on the predictability of the perturbations and
therefore adapt differently to the two temporal patterns of the pertur-
bations. Overall, there were 5 X 2 = 10 conditions: 5 force pertur-
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Fig. 3. The Shadow Dexterous Hand. A: ki-
nematics and degrees of freedom. B: the
Shadow Dexterous Hand grasping the TACO
attached to the KUKA light-weight robot4+
end effector.

bations types, F,, TCCW T)CW TCCW and TC , applied either period-
ically or aperlodlcally (the two perturbatlon frequen01es P and Ap).
The order of conditions was randomly presented to the partici-
pants. Participants performed 10 trials per condition. Each trial
lasted ~25 s from grasp onset to release. Before starting the
experiment, participants were informed that during the holding
phase the two PHANToM devices would apply periodic or aperiodic
perturbations to the TACO and that the perturbation type would
remain the same within each trial. Before the experiment, participants
performed four trials with F perturbation applied periodically to
familiarize themselves with the task. The total duration of the exper-
iment was ~2 h per participant with a few minutes’ break at the
halfway point. Participants were also allowed to take a short break and
rest at the end of each trial whenever they wanted.

In the control experiment, we replicated the same task performed
by human participants (5-fingers condition) using a robotic hand
(Shadow Dexterous Hand) in combination with the TACO. The hand
controller developed by Rothling et al. (2007) is based on two control
variables: joint position and joint stiftness. Each joint is controlled by
a pair of air pressure-controlled artificial muscles. Whereas the dif-
ference in pressure correlates with the joint position, the pressure sum
correlates to the joint’s stiffness. The passive compliance of the
muscles physically realizes an impedance control whose stiffness is
adjustable. In this experiment, we chose a fixed stiffness of the
grasping posture that allowed successful grasping and lifting of the
TACO. The successful grasping posture of the robot hand was saved
(referred to as “grasp” later in the text) and used during the whole
experiment (the same posture across trials). Thus the hand had two
states: release state, in which the hand was fully opened and there was
“no grasp,” and grasp state, in which the “grasp” posture was applied
and the TACO was grasped. The positions of the robotic finger during
the “grasp” posture would result in complete closure of the hand if
applied in free space. The presence of the object, however, prevents
the fingers from complete closure and ensures grasp forces are applied
passively due to the inherent compliance of the hand when the TACO
is present (Rothling et al. 2007). After the GO signal, the Shadow
Dexterous Hand grasp state was changed from “no grasp” to “grasp.”
Once the hand successfully grasped the TACO (Fig. 3B), the exper-
imenter lifted the TACO using KUKA-LWR4+. When the arm
reached the intended height, the KUKA-LWR4+ was grounded to
avoid any oscillations due to active control that could have altered the
grasp performance. During the object hold phase, the PHANToM
applied either T;:CW or T;:W perturbation (Fig. 2C) in a periodic or
aperiodic fashion. We used only these two perturbations because of
the low friction forces between the Shadow Dexterous Hand and the
TACO. At the end of each trial, the KUKA-LWR4+ placed the
TACO back on the table and the hand grasp state was set to “no
grasp,” releasing the TACO. Each perturbation was repeated 16 times,
giving a total of 64 trials.

Crucially, the robot hand was not programmed to actively control
grasping forces of individual digits to counteract the disturbances.
Instead, the stiffness was fixed during each grasping trial, and the
passive compliance of the artificial muscles resembles the mechanical
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properties of the muscles of the human hand and forearm. Hence, the
robotic hand provides a plausible model for a grasping strategy based
on the control of the global hand stiffness, as suggested (Winges et al.
2007).

Data processing. The normal forces (F) of the fingers and their
positions, derived as the digit horizontal and vertical center of pres-
sures (CoP, and CoP,), respectively, were read from of the TACO.
We set the center of the TACO as the origin of the coordinate system
(0, 0, 0). CoP, and CoP, were defined as the location of the global
maximum of the actlvated region of tactels for each finger’s region in
the output matrix. The output matrix was converted to Newtons using
the lookup table generated during calibration. The calibration table
was obtained with a resolution of =£0.2 N. Digit locations, normal
forces, and TACO position were recorded and processed with a
second-order Butterworth low-pass filter with 10-Hz cutoff frequency
(Fig. 4). The CoP, and CoP, values used for further analysis were
extracted during the holding phase.

The three-dimensional (3-D) position and the rotations around the
yaw and roll axes of the TACO were tracked using the PHANToM
devices. They were further used to compute the net torques generated
by the participant (HT,, HT,) using Newton’s second law for rotation:

A Digits normal forces

peak forceym = m = \ —T
Z 10 ?\.m/\‘ ‘/‘/— v -1
[ ] i —M
H —R
= i : ~—
e gh —L
B TACO vertical coordinates
Al
£ 60
% ] y
S
-
0
C Human hand net torque
E oo ALMLAAV. Y ——
=TT
=
o ~—HTz
504 ‘
—
0 10
time (sec)
Fig. 4. Single trial of a representative participant (5 digits, TSCW, perturbation

applied aperiodically; digits indicated by color coding; areas boxed in gray
represent 1 example of aperiodic intervals when external perturbations are
active “on”). A: force profiles for each digit. B: TACO vertical coordinates
along y-axis. Pos., position. C: participant’s hand net torques (HT,, HT,).

J Neurophysiol » doi:10.1152/jn.00546.2016 - www.jn.org
Downloaded from journals.physiology.org/journal/jn (065.021.193.086) on March 2, 2022.



MULTIDIGIT FORCE CONTROL DURING UNCONSTRAINED GRASPING

d2

o
HT},+Ty: ?Iy

1
128 ( )
H |z+ IZ__7IZ

where T, and T, are external torques, d*a/d” and d*B/ds* are the
angular accelerations, and I, and I_ are approximated to rectangular
cuboid moments of inertia:

1
Iy = Em(lz+w2)
| )
e (PR
I, 12m(l h )

The parameters m, [, w, and h correspond to the mass of the TACO
attached to the arms of the PHANToM device and its length, width,
and height, respectively.

To satisty a stable grasp of the TACO, the force produced by the
thumb must be equal to the sum of opposing digit normal forces:

SF/=0, i=T,1,M,R,L 3

where T is the thumb and I, M, R, and L are the index, middle, ring,
and little fingers, respectively. The two PHANToM devices did not
support the weight of TACO. Hence, the sum of digits’ load force
must equal to the TACO load force:

SF'=—mg, i=T,LMR,L “)

where m is the TACO’s mass and g is the gravity. Finally, load force
is a function of grip force and friction coefficient (w). Hence, this third
constraint holds:

Fl<puF" )

Statistical analysis. First, we evaluated whether digit positions on
the TACO were idiosyncratic, that is, whether there was a consistent
pattern within each participant. To this end, we computed for each
participant and condition the mean CoP, and CoP, of the different
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digits, averaged across trials and perturbation type. The averaged data
are plotted in Fig. 5. These data were used to conduct a cluster
analysis on the CoP, and CoP, of the fingers opposing the thumb in
the three-, four-, and five-finger conditions. We did not include the
thumb in the analysis because it contacted the opposite face of the
TACO; i.e., it was projected on a different plane in the CoP space. We
used k-means clustering: in the different conditions, we set the number
of clusters to k = 2, 3, or 4 corresponding to the 2, 3, or 4 fingers
opposing the thumb. The analysis aimed at investigating whether the
initial placement of the different fingers was preserved within each
participant and across perturbation type, that is, whether the hand
posture was “idiosyncratic.” Furthermore, we ran two-way ANOVA
on the mean CoPs (factors: digit and participant) to test whether hand
posture was significantly different between participants. We tested the
cluster mean CoP, and CoP, separately.

In each perturbation number and for each digit we computed the time
to reach the maximum grip force (time to peak). If the maximum force
were to occur approximately at the same time between different digits, it
would suggest a parallel control of digits to stabilize the object. To test
this hypothesis, we used a multivariable linear mixed models (LMM)
analysis evaluating whether the time to peak varied systematically across
different digits. The time to peak (measurement variable denoted by “y”
in Eg. 6) was modeled as a linear combination of the experimental
variables (referred to as the fixed-effect linear predictors, Xf3), the
random variability between participants (the random-effect predictors,
Zb), and the residual random error, £ (Bates et al. 2015).

The LMM equation has the following general form:

y=XB+7Zb+e 6)

The matrix of fixed-effect predictors, X, included the following
dummy-coded predictors: digit (T and, depending on the condition, I,
M, R, L), perturbation number (P1, P2, P3, P4, P5), perturbations
types (F,, TyCCW, T}C.W, TSCW, and TZCW), and frequency (P, Ap). We
considered only the first five perturbations in the analysis to have an
equal number of stimuli in the periodic and aperiodic conditions. To
obtain a balanced design, we fit the model separately for the two-,
three-, four-, and five-digit conditions. We evaluated the effect of each
digit by testing the significance of the corresponding fixed-effect

s06 s07 s08 s09 s10
2. - - B -
; y ; | |j= |
2 I I ! T ! ! I T I I ! 1 I ! i ! Fig. 5. Spatial distribution of horizontal
-2 0 2 -2 0 2 -2 0 2 -2 0 2 -2 0 2 (CoP,) and vertical centers of pressure
(CoP,) of different digits (thumb not in-
s11 sl2 s13 sl4 sl5 cludéd). Each panel represents data from an
1 individual participant, averaged across trials
e 2 @ | % T 1 e @ (10 points per participant per digit, corre-
2 o1 sponding to 10 perturbation conditions).
ng‘ 0- ’ E % 4 % a 4 @ % %M Data are from 3-, 4-, and 5-digit conditions.
O 4 N [|r  Ellipsoids with shaded area represent cluster
% : ) @ @ EL analysis results using k-means method on
-27 i i i CoP data points without the thumb data.
o 0 2 5> 0 2 o 0 2 2 0 2 > 0 o2 K-means method clustered the original data
points correctly for each digit with the only
sl6 s17 s18 s19 520 s21 exception being M and R digits in partici-

g pant s12, whose positions were partially

overlapping.
]yt

-2+

CoPx (cm)
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parameter B;,;, With the likelihood ratio (LR) test (Pinheiro and Bates
2000). The LR test compares the maximized log-likelihood functions
of two nested models, M1 and MO, with and without the parameter of
interest, respectively. Under the null hypothesis that the simpler

model, MO, is better than M1, the LR has a large-sample Xf distribu-
tion (Bolker et al. 2009; Moscatelli et al. 2012). We confirmed the
results using a repeated-measures ANOVA.

Next, we studied the effect of learning and adaptation to the
perturbations in each trial. To this end, we evaluated whether the
value of peak force (in N) and the error in hand net torque changed
with the number of perturbations within a trial. We fit a polynomial
LMM including the following fixed effect predictors: perturbation
number (P1, P2, P3, P4, P5), digit (T and, depending on the condition,
I, M, R, L), perturbation type (F,, Tscw, TSW, TZCCW, and TZCW), and
frequency (P, Ap). To account for nonlinear effect, we used a
second-order polynomial of the form ,P + B,P2 for fitting, where P
is the perturbation number and B, ,, are the fixed-effect parameters.
We evaluated the significance of the effect using the LR test.

To evaluate the contribution of each finger to the task, we studied
the variation of normal force between the different fingers. We
averaged data from each participant across the five perturbation
numbers and across the periodic and aperiodic conditions. Within
each trial, we subtracted the mean value of normal force of the index
finger from the normal force of each other finger [F(diff) = F(M or R
or L finger) — F(I finger)]. This aimed to compare the force change
between fingers across different experimental conditions (3-, 4- and
5-digit grasp) that were collected on different participants (i.e., see
Fig. 10). Using LMM, in torque perturbations we evaluated the
modulation of actual normal force for digit and torque direction. We
ran the analysis separately for each torque direction; therefore, it was
not necessary to subtract the force value of the index finger as we did
for the plot of Fig. 10. We applied the LR test to evaluate whether the
difference in normal force between digits and torque direction was
statistically significant. We did not include the two-digit condition in
the analysis or in Fig. 10 because the thumb and the index digits share
equally the total grip force.

We replicated the experiment using the robotic Shadow Dexterous
Hand to evaluate whether the passive stiffness control of the robot
would reproduce a similar pattern of forces as did the human partic-
ipants. For the comparison, we computed the same measurements for
the robotic hand as we did for human participants: the digit normal
forces, the time to peak force, and the error in hand net torques. We
modeled the data with the robotic hand using a simple linear model.
The data from the robotic hand were not clustered like the human data,
which include multiple participants. Hence, it was not necessary to
use mixed models for this analysis.

MULTIDIGIT FORCE CONTROL DURING UNCONSTRAINED GRASPING

RESULTS

In previous studies that investigated three-, four- and five-
digit grasping (Baud-Bovy and Soechting 2002; Zatsiorsky and
Latash 2008), digit position was highly constrained. Because of
the custom-developed sensorized object used in this study,
participants could perform a completely unconstrained multi-
digit grasp. We evaluated whether each participant used a
stereotyped hand posture across different perturbation types,
hence a characteristic pattern of digit position, as follows.
Within each participant and digit condition, we averaged CoP,
and CoP, across the different trials (resulting in 10 points per
participant, corresponding to 10 perturbation conditions). Av-
erage CoP, and CoP, values are plotted in Fig. 5 for each
participant.

Figure 5 shows the results of the k-means cluster analysis.
The thumb was not included in the analysis because it touched
the object on the opposite side of the cuboid, and hence its CoP
was constrained on a different plane with respect to the other
fingers. The cluster analysis correctly classified the different
digits (Fig. 5) with one exception, which were the middle and
ring fingers of participant s12, whose positions were partially
overlapping. Within each participant, the relative position of
each digit was approximately preserved across stimulus repe-
titions, consistent with an idiosyncratic distribution of digit
position. In addition, we ran two-way ANOVAs on the mean
CoP values (factors: digit and participant) to test whether hand
posture was significantly different across participants. We
separately tested CoP, and CoP, in the three-, four-, and
five-digit conditions. The factor “participant” was always sta-
tistically significant for all digit conditions, in both x and y
directions (P < 0.001 except in 3-digit condition/CoP, P =
0.03). The factor “digit” was always statistically significant
(P < 0.001). Taken together, cluster analysis and two-way
ANOVA support the hypothesis of an idiosyncratic grasping
posture. Overall, the finding of an idiosyncratic or “natural”
hand posture provides a supporting argument for our ecological
method of allowing for unconstrained grasping to investigate
natural grasping behavior.

We used LMM to test whether the time to reach the maxi-
mum force (time to peak) was significantly different between
the digits. As shown in Table 1, the estimated difference in
time to peak force between the digits in any digit number
condition was in the order of tens of milliseconds. Figure 6

Table 1. LMM estimates for mean time to peak for each digit in periodic and aperiodic perturbation conditions and in 2- to
5-digit conditions
Thumb Index Middle Ring Little

2 Digits
Periodic 221 [144, 305] 221 [148, 301] NA NA NA
Aperiodic 1,229 [1,062, 1,396] 1,229 [1,053, 1,404] NA NA NA

3 Digits
Periodic 216 [133, 288] 222 [150, 288] 232 [157, 299] NA NA
Aperiodic 1,120 [988, 1,289] 1,100 [940, 1,245] 1,100 [931, 1,240] NA NA

4 Digits
Periodic 465 [287, 521] 497 [327, 492] 456 [302, 503] 462 292, 463] NA
Aperiodic 1,230 [1,027, 1,311] 1,170 [942, 1,216] 1,180 [969, 1,259] 1,185 [944, 1,231] NA

5 Digits
Periodic 476 [411, 551] 443 [381, 518] 448 [390, 523] 449 [383, 521] 487 [466, 560]
Aperiodic 1,254 [1,120, 1,399] 1,247 1,121, 1,381] 1,257 [1,119, 1,388] 1,207 [1,074, 1,336] 1,206 [1,092, 1,357]

Values are estimates of time to peak (in ms) computed as the difference between the onset of the perturbation and peak force. Values in square brackets are

95% confidence intervals.
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Fig. 6. Distribution of time to peak of digit normal forces across different trials and participants. Gray boxes represent the duration of external perturbations
(p1-p5). Vertical lines represent the mean time to peak for each perturbation (LMM estimates). A: 2 digits. B: 3 digits. C: 4 digits. D: 5 digits. Ap denotes

aperiodic trials (fop) and P denotes periodic trials (bottom) in A-D.

shows the distributions of time to peak of normal force for the
different digits, the perturbation number, and the perturbation
frequency conditions. The distribution of the different digits
was nearly indistinguishable in Fig. 6 (data detailed in Table
1). Accordingly, the difference in time to peak was not statis-
tically significant between fingers [LR test; 2 digits: X(Zl) =
0.002, P = 0.96; 3 digits: x5, = 1.04, P = 0.56; 4 digits: x5, =
4.6, P = 0.2; 5 digits: X%4) = 2.28, P = 0.68]. Results of the
repeated-measures ANOVA were in accordance with the
LMM. The model could not find a significant difference in time
to peak between the digits [2 digits: F(1,4) = 0.04, P = 0.84;
3 digits: F(2, 8) = 0.61, P = 0.57; 4 digits: F(3, 12) = 1.37,
P = 0.30; 5 digits: F(4, 20) = 1.03, P = 0.42]. These results
suggest that time to peak was approximately synchronous
between digits, which is consistent with a parallel control of
the fingers in response to external perturbations. Additionally,
we estimated the cross-correlation coefficients between differ-
ent digits of the force profiles for each participant (5-digit
condition only). As shown in Fig. 7, the average values of
cross-correlation coefficients were rather high (0.73 = 0.09,
mean *= SD), supporting the hypothesis of a synergistic control
of the five digits.

Next, we investigated the modulation in magnitude of grip
force across perturbation number within each trial. To account
for the nonlinearity of the effect (Fig. 8), we used a second-
order polynomial of the form B,P + B,P? where P is the

perturbation number and By ,, are the fixed-effect parameters
as described in METHODS. We evaluated the significance of this
nonlinear effect using the LR test. In all digit conditions, the
effect of perturbation number was highly significant [2 digits:
Xy = 39.22, P < 0.01; 3 digits: x{,, = 61.88, P < 0.01; 4
digits: x() = 36.55, P < 0.01; 5 digits: x{, = 8.7, P < 0.01].
The reaction force increased from the first (P1) to the fifth (P5)
perturbation (Fig. 8), revealing a fast adaptation to external
perturbations.

We next explored the question whether the learning pattern
observed in digit force responses affected the stabilization of
the TACO in response to the external torque within the first
five perturbations. To this end, we averaged the data across
trials, participants, and perturbation type for each digit condi-
tion, and we calculated the error of hand net as the difference
between the participants’ hand net torque and the required
torque to counterbalance the external perturbation. Figure 9
shows the error of hand net torque for the aperiodic (Ap) and
periodic (P) conditions during the five perturbations (perturba-
tion number) per trial for each number of digits used. As
expected, LMM revealed that the mean error in hand torque
was higher for the Ap than the P condition for all types of grasp
conditions (number of digits used). The difference in the net
hand torque (T) between Ap and P conditions, T,, — Tp, was
equal to 2.18 = 0.24 (mean = SE; 2 digits), 2.22 = 0.27 (3
digits), 2.02 = 0.26 (4 digits), and 1.05 = 0.18 N-cm (5 digits).
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ipants.

As in the previous analysis, we used a second-order polyno-
mial of the form B,P + ,P? to account for the nonlinearity of
the effect of perturbation (Fig. 9). We evaluated the signifi-
cance of the effect using the LR test. In all digit conditions, the
nonlinear effect of perturbation was highly significant [2 digits:
Xy = 256.71, P < 0.01; 3 digits: x{,, 275.73, P < 0.01; 4
digits

X(z) 528.75, P < 0.01; 5 digits: X(z) 446.80, P < 0.01]. As
shown in Fig. 9, the error in hand net torque drastically
decreased across perturbations, revealing a fast adaptation to
external perturbations. Moreover, according to LMM, there
was an interaction effect between the number of perturbations
and perturbation frequency in error of hand net torque as
indicated by the LR test [2 digits: )&4) = 14.16, P < 0.01; 3
digits: X(4) = 10.38, P = 0.03; 4 digits: X(4) 13.82, P < 0.01;

5 digits: X(4) = 16.77, P < 0.01]. This result showed that
learning to compensate for the external torque was faster in the
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it

Fig. 8. Boxplot of the distribution of thumb and index normal forces in 5
perturbations (2-digit condition). Data are pooled across participants and trials.
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Fig. 9. Average error in hand net torque in the human hand (2d-5d, 2- to
5-digit conditions) and robot hand (Shadow Dexterous Hand). Data are
averaged across participants and perturbation types with aperiodic (Ap; left)
and periodic frequency (P; right). Horizontal dashed lines represent LMM
estimates excluding p1 values in 5-digit condition. Error bars represent the SE
of the model estimate.

periodic than in the aperiodic condition, especially when a
five-digit grasp was used (cf. Fig. 9).

Because of the different length of the lever arm produced by
the external torques T, and T, (e.g., Fig. 4C) on each digit, we
may expect a modulation of the peak reaction force between
digits as a function of the direction of torques (clockwise and
counterclockwise). Accordingly, Fig. 10, B and C, shows a
clear trend as the normal force in the outer digits is modulated
depending on the direction of the torque (compare for instance,
Fig. 10B, torque counterclockwise, and Fig. 10C, torque clock-
wise). We applied a LMM to test for the interaction between T,
torque direction (TCCW TCW) and digits (I, M, R, L) on the
produced force. We found a significant a main effect of digits
on the force responses [3 digits: X(zl) = 6.93, P <0.01; 4 digits:
Xpy = 2852, P < 0.001; 5 digits: x(3) = 413.54, P < 0.001],
but no effect of the perturbation direction [3 digits: X(zl) 2.49,

P = 0.11; 4 digits: X(l) 0.48, P = 0.49; 5 digits: X(i) 1.67,
P = 0.19]. Crucially the interaction between direction and
digits was statistically significant, confirming the hypothesis
that the force modulation as a function of digit and direction [3
digits: X(l = 12. 69 P < 0.001; 4 digits: X(z) 4398, P <

0.001; 5 digits: X(3 74.14, P < 0.001]. Additionally, we
applied a LMM on peak digit normal force produced by the
index and middle finger (we focused on these 2 fingers
because both were present in 3-, 4-, and 5-digit conditions).
The analysis revealed a significant effect of the perturbation

type on the produced normal force [I: X%4) = 504, P <
0.001; M: X(4) 23.04, P < 0.001].
In summary, in the rotational task (Tyccw’ TCW), the outer

fingers produced a larger amount of force compared with the
inner fingers (Fig. 10, B and C). The observed effect might be
simply mechanical by nature. In other words, the farther the
fingers are from the TACO’s center, the higher the force exerted
by the participants in the opposite direction to the external torque
perturbation. To further test the validity of our interpretation, we
conducted a control experiment using a robotic hand.
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Control experiment: robot hand. We considered two alter-
native motor strategies: either participants controlled the stiff-
ness of all fingers jointly (grasping synergy), or they modulated
the force of each finger independently in response to the given
external perturbation. The former motor strategy is more par-
simonious because it reduces the degrees of freedom of the
system and is in accordance with the synchronous response of
the different fingers. We evaluated whether the synergistic
motor control was compatible with the asymmetry in normal
force between outer and inner fingers observed in torque
perturbation. To this end, we replicated the same experimental
paradigm using the robotic hand (Shadow Dexterous Hand)
programmed with a synergic control of fingers’ stiffness. We
tested conditions TCCW and TCW (5 digits; Fig. 11).

Because of the dlfferent frlctlon coefficients between human
and robot fingers, a larger normal force was required to obtain
a stable grasp with the robot hand, which accounts for the
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Fig. 11. Single trial data for the robot Shadow Dexterous Hand in TSV (areas

boxed in gray represent another example of aperiodic intervals when external
perturbations are active “on”). A: force profiles for each digit. B: TACO
vertical coordinates along y-axis. C: robot hand net torques.
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larger reaction torque (Fig. 10). Errors in net hand torque,
computed as the difference between the perturbation and the
reaction torque, were smaller compared with those of human
participants (Fig. 9) and were not significantly affected by
perturbation type [)((21) = 2.21, P = 0.14], perturbation fre-
quency [XZ(I) = 0.02, P = 0.88], and perturbations number
[)((24) = 9.16, P = 0.06]. Figure 10, B and C (dark rhombus with
dotted line), shows mean normal force of each robot’s finger,
averaged across trials and the frequency condition (periodic
and aperiodic). Similarly to findings in humans (gray lines), the
index finger exerted a larger force relative to the other fingers
in condition TCW and the little and ring fingers exerted a
relatively larger force in TCCW Because of the larger torque,
this difference was larger compared with that of the human
hand. This is also illustrated in Fig. 11 (single trial), showing
that during external perturbation with TSCW, the reaction force
was higher for the little and ring fingers. Due to the controller that
we implemented, this difference in force among fingers can only
be ascribed to mechanical factors such as the length of the lever
arm. Time to peak was not significantly different between the
fingers [LR test; T, I, M, R, L: )((24) =0.23, P = 0.99] and between
perturbation types (T;:W, chw: )((21) = 3.83, P = 0.05]. This was
expected and indicates that digit times to peak force were syn-
chronized between fingers.

In summary, the asymmetry in the normal force between
fingers that we observed in human grasp can be qualitatively
reproduced by the robotic hand, where the only controlled
variable was the global hand stiffness. The hand-stiffening
strategy successfully compensated the external torque re-
gardless of the external perturbation frequency and type.
The differences between the robot and human hand data
were the larger torques and forces exerted by the robotic
hand, the absence of a learning trend observed between the
earliest perturbations (P1 and P2) vs. the rest of the pertur-
bations, and the lack of difference between periodic and
aperiodic conditions. The grasp controller employed in the robot
hand did not actively control the grasping forces of the individual
fingers to counteract disturbances. Therefore, the difference in
force among fingers was due to their locations on the TACO. The
larger the lever arm is, the higher is the reactive finger force
opposing the external torque.
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DISCUSSION

Summary of results. In the current study, we evaluated the
force response to external perturbations during multidigit
grasping. The position of the fingers on the manipulandum was
unconstrained, which is a methodological novelty with respect
to previous studies. We found that the modulation of the force
responses was almost synchronous across digits, in accordance
with a synergistic control of the hand. Furthermore, partici-
pants were better able to stabilize the manipulandum in the
periodic than aperiodic condition, thus suggesting a feedfor-
ward motor strategy when participants could predict the up-
coming perturbations. This is consistent with previous studies
showing that to reduce motor delays and to attain grasp
stability, the CNS manifests feedforward properties based on
an anticipatory control of force mediated by internal models
(Budgeon et al. 2008; Johansson and Flanagan 2008). How-
ever, alternative mechanisms have been proposed, including
controlling the muscle activation threshold, i.e., the muscle
length at which motor neurons begin their recruitment (Latash
et al. 2010; Pilon and Feldman 2006; Pilon et al. 2007). This
feedforward, synergistic motor strategy was employed in the
current experiment regardless of the type of external perturba-
tion or the number of digits used in the grasping task. In a
control experiment, we replicated the grasping task with a
robotic hand that employed a simple stiffness controller, and
we observed a force distribution that was qualitatively
similar to that obtained from experiments with humans. The
main difference between human and robot grasp was that
human participants quickly adapted their grip force within
the first few perturbations to successfully compensate for
external perturbations.

Idiosyncratic hand posture. Our experimental setup allowed
participants to freely choose the placement of their fingers on
the object while grasping. This revealed large variability be-
tween participants in the initial digit placement. Friedman and
Flash (2007) also observed a large amount of variability in
finger placement on common objects with the use of five-digit
grasps. Although the task is stereotypical, initial digit position
seems to be highly preserved across stimulus repetitions for
individual participants. This has been confirmed by k-means
clustering analysis and ANOVA and can be explained by
idiosyncratic grasping strategies.

Control of grip force. The time to peak normal force was
nearly synchronous across all digits engaged in grasping within
a single perturbation (Figs. 6 and 7 and Table 1), suggesting
that digit normal forces were controlled as a unit within a
single perturbation. Similarly, synchronous force changes were
found when the fifth finger was added or removed during the
hold phase of the grasping task (Budgeon et al. 2008) and
during tripod grasps (Budgeon et al. 2008; Winges et al. 2007).
In the current task, a change in reaction force was indistin-
guishable from a change in finger stiffness opposing the per-
turbation. For simplicity, we assumed that the change in
reaction force measured with the apparatus was due to a change
in finger stiffness (or pseudo-stiffness; see below), because the
type of the force perturbation varied unpredictably from trial to
trial. A motor strategy based on the control of hand stiffness
would be in accordance with previous literature on hand
grasping (Milner and Franklin 1998; Winges et al. 2007). We
recognize, however, that because of possible changes in muscle
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length due to involuntary contractions and attenuation of reflex
responses following repeated perturbations (Rothwell et al.
1986; Turpin et al. 2016), the term pseudo-stiffness would be
more appropriate. Finally, it is important to remark that the aim
of the experiment was to evaluate whether participants con-
trolled different digits independently or in a synergistic fash-
ion, and not whether they used a stiffness or force control. The
hypothesis of a synergistic motor strategy was confirmed by
the results of the control experiment with the Shadow Dexter-
ous Hand, which employed a single controller for the whole
hand without considering force modulation at each individual
finger. Force profile was qualitatively similar between the
robot and human participants.

Learning within a trial. The feedforward stiffening strategy
led to stable grasp that optimized the error in the hand net
torque across perturbations, indicating that the hand-stiffening
strategy was resistive to external perturbations (Hasan 2005).
Previous studies showed that human adaptation to the pertur-
bation is performed on a trial-to-trial basis by feeding the error
of previous trial into the feedforward controller of the current
trial (Lukos et al. 2013; Shadmehr et al. 2010). In our results,
digit normal force increased from the first perturbation to
subsequent ones with the result that the error in net hand torque
dropped (Figs. 8 and 9). This suggests that digit normal forces
are adapted across consecutive perturbations during the hold-
ing phase such that grip force (whole hand stiffening) is
gradually increased from one perturbation to the next. Such a
simple strategy seems sufficient to successfully counterbalance
disturbances on the TACO and consequently to reduce the
error in hand net torque caused by predictable and unpredict-
able perturbations. A similar observation was made with tripod
grasps conducted in a study by Winges et al. (2007), in which
they suggested that the neuromuscular control system compen-
sated for predictable and unpredictable object mechanical
properties by pursuing inherent global stiffness of the hand
through co-contraction and modulation of hand muscle activ-
ity. The only difference between predictable and unpredictable
conditions was the error in hand net torque that was reduced
faster in the predictable condition compared with the unpre-
dictable one, especially after the first perturbation (the interac-
tion effect). This latter result can be explained by the work of
Aimola et al. (2014) that showed the onset of muscle response
took longer in the unpredictable than in the predictable condi-
tion. They suggest that precise prediction of the perturbation
sequence improves muscle responses, thus shortening the la-
tency of muscle activity in relation to the mechanical
perturbation.

Concerning the normal forces of individual digits, we ob-
served a relatively higher force response in the outer fingers.
This effect can be explained solely as a mechanical conse-
quence of the full hand stiffening and the outer fingers’ longer
moment arm: the farther the finger from the center of the
TACO, the higher the normal force in a torque perturbation.
This result was confirmed in the control experiment using the
Shadow Dexterous Hand, which employed a simple stiffness
controller of the entire robotic hand. In this experiment we
observed a similar force trend between digits position (outer
vs. inner) for a five-digit grasp (Fig. 10).

The stiffening strategy was observed regardless of the ex-
ternal perturbations and the number of digits used in the task.
Therefore, on the basis of our results, the modulation of digit
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normal forces may be a “configuration” rather than a “special-
ization” outcome (Wu et al. 2012; Zatsiorsky et al. 2002). In
the domain of digit normal force, it has been reported that two
force synergies (i.e., two principal components) accounted for
more than 90% of the finger force variance in constrained and
unconstrained grasping (Naceri et al. 2014; Zatsiorsky and
Latash 2004). The robot hand has only the first synergy of full
hand closure when its stiffness controller is engaged. This
might suggest that the second synergy found in human studies
is of mechanical, rather than neural, origin and is caused by the
fingers’ moment arm and digit-object interaction forces caused
by the external perturbation.

Despite the high variability in initial placement of digits and
the number of digits used in the task, the synchronous digits
stiffening strategy persisted throughout all conditions of the
experiment and for all participants. A contribution from bio-
mechanical constraints acting on finger muscles (Santello et al.
2013) could also account for the strategy adopted by partici-
pants. Different hand postures led to different grasp stiffness
(Friedman and Flash 2007) and different grip force (Naceri et
al. 2014), but each satisfied a stable grasp because of the
canceling of the applied perturbation forces (equilibrium). It
has been shown that arbitrary net force and/or torques pro-
duced by force closure of a robotic hand (SoftHand) satisfy a
stable grasp in the absence of friction forces (Bicchi et al.
2011). In addition, the latter work showed that with one
synergy in the kinematic domain, the robotic hand was able to
grasp a large variety of daily objects. With this work, we have
shown that one force synergy is sufficient to resist different
types of external perturbations while achieving a stable grasp.

In conclusion, participants substantially varied in their initial
placements of their fingers on the TACO. Once they grasped
and lifted the object using the required grip, the magnitude of
digit normal force corrective responses was controlled in a
feedforward manner within single perturbations. However,
hand net torque was optimized across perturbations by
increasing the grip force in the perturbations following the
first disturbance, which indicates that participants gradually
adapted their feedforward whole hand stiffening across
perturbations. The synchronous increase of digit normal
forces was achieved by all digits regardless of the external
perturbation and the number of digits involved in the task.
This suggests that in a simple grasping and holding task, the
CNS adopts a stiffening strategy that compensates for the
task uncertainty associated with unpredictable external per-
turbations and with the variability in required grip force.
This finding underscores the flexibility and independence of
high-level motor processing from low-level motor execution
by end effectors (Fu et al. 2011).
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