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Abstract— Coupling the human upper limbs with robotic
devices is gaining increasing attention in the last decade,
due to the emerging applications in orthotics, prostheticsand
rehabilitation devices. In the cases of every-day life task
force exertion and generally interaction with the environment
is absolutely critical. Therefore, the decoding of the usés
force exertion intention is important for the robust control
of orthotic robots (e.g. arm exoskeletons). In this paper, lte
human arm manipulability is analyzed and its effect on the
recruitment of the musculo-skeletal system is explored. It
was found that the recruitment and activation of muscles
is strongly affected by arm manipulability. Based on this
finding, a decoding method is built in order to estimate force
exerted in the three-dimensional (3D) task space from surfze
ElectroMyoGraphic (EMG) signals, recorded from muscles of
the arm. The method is using the manipulability information
for the given force task. Experimental results were verifiedin
various arm configurations with two subjects.

I. INTRODUCTION

Minas Yarbkapis, and Kostas J. Kyriakopoulos

for estimating arm stiffness was presented in [2], but again
the configurations tested were only on the plane, while a
continuous profile of force was not estimated through EMG.
The authors have used EMG signals from four muscles of
the arm in order to compute force exerted in planar motion
in the past [3], however the arm configurations tested were
limited, while again the arm was restricted on a plane palrall
to the human transverse plane.

The human arm is definitely a quite complex mechanism,
with a highly redundant structure both in kinematic and
actuation level. A large number of muscles (approximately
30) actuate the shoulder, elbow, and wrist joints, while
the kinematic redundancy is used for improving dexterity
during the execution of complicated motion and/or force
tasks. However, one can easily argue that humans learn to
execute specific tasks in a certain way, while whether its th
“optimum” way or not is still under investigation. Focusing

Q(_)upll_ng the_human upper limb with robotic devices 'Son force tasks, humans learn to interact with the envirorimen
gaining increasing attention m_the last degade, dug to tr?ﬁjite easily, and once “trained”, they don't significantly
emerging gppllcat|ons in Orth_Ot'C_S’ prosthetlcs. and réhab vary their strategy [4]. Therefore, the way humans choose
tation devices. In these applications, the devices are WOl interact with the environment could be a combination

by the §ubjects, \_/vho can either use_them for executl_n(gf variables related to the redundancy in both motor and
demanding tasks (i.e. power augmentation) or for SUPPIiN L amatic level
es

them during the execution of every-day life tasks in cas _ ) N
of subjects with motor impairments. Interaction with the N this paper, the force manipulability, thereafter men-
environment is however critical, and in most cases it estaifioned as manipulability for simplicity, of the human upper
the exertion of force to the environment, transmitted tigrou iMP is analyzed for force tasks in the three-dimensiona)(3
the worn device. Therefore, it is necessary to be able ta infdorkspace. Manipulability is a measure of the force exartio
the user's intention in terms of force exertion, in order & bcapability of the arm along the axes of the given task,
able to control the robotic device robustly and safely. and is dependent on arm configuration [5]. Multiple force
Decoding the intention of force exertion has been realize@Xertion tasks are executed by two subjects in different arm
mainly using surface ElectroMyoGraphic (EMG) Signa|scor_n‘|.guratlons, along a variety of d|reqt|ons. The muscular
from the arm muscles. A myokinetic arm model for esti-2ctivity of the corresponding muscles is recorded and ana-
mating joint torque from EMG signals during maintainedyZed with respect to the force execution capability of thre a
posture was presented in [1]. This model was based &% described by the manipulability, for a given conf_lgumtlo
anatomical and physiological data to estimate joint tosqué‘nd force task. Results show that arm manipulability plays
from EMG. However, the model was limited to maintainec® Significant role in the execution of the force task, affegti
posture in planar arm configurations. An index of muscl&he recruitment of the muscles and their activity. Using thi

quasi-tension calculated from EMG signals that was us€§Sult, @ decoding algorithm is created to transform EMG
signals to a continuous representation of exerted foraegalo
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The rest of the paper is organized as follows: Section
Il analyzes the procedures and experimental methods and
algorithms used, Section Ill presents the results on the
manipulability effects on force tasks and the decoding of
exerted forces, while Section IV concludes the paper.
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the environment along the three corresponding aXes,

Yu, Zu as shown in Fig. 2J (q) € R**® is the Jacobian

matrix, and € R® is the vector of joint torques at

the corresponding human joints modelled. Therefore, the

Il. METHODS ellipsoid described by (1) can be drawn in the 3D space, for

each configuration of the human arm. Along the direction

. . . of the major axis of the ellipsoid the human arm can exert
There is no dOUb_t t.hat Fhe k.ln.ematlc .structure of th‘f'argerforces, than along the direction of the minor axes. Le

human upper ex_tremlty is quite efficient, while very complexx(l)' X(2)) X(3) € R3 be the axes of the ellipsoid which are

Narrowing our interest down to the upper limb and nor&;iven by:

considering finger motion, the kinematics of the arm ca

be modeled with 7 degrees of freedom, which leads to the MNI=(J(@)JI" (@) x@ =0, i=1,23 (2)

definition of human arm redundancy. The latter howev%here)\i are the eigenvalues of the matidxq) J7 (q). The

|3$Dnot only t:axtplollted_ m_pterfor[_nlng atrhmtr:notlon_s in the rincipal axis of the ellipsoid is the one correspondingte t
space, but also in interacting wi e environmen arger eigenvalue.

where forces are exerted. In other words, arm configuration 2. .
9 Since the human motor control seems to exploit redun-

is appropriately selected b_ased on the forc_e tasks t.o_ lt_ﬁ(z;‘S\ncy not only for kinematic control but also for interagtin
executed. In other to quantlfy. the fc_)rce ex_ertlon_ capapilit with the environment, this study focused on how the abitity t
we use the measure of manlpulab|!|ty. Brlefly, 7if € R? exert forces given a configuration (as described by the force
the vector of joint torques for a Seres mampulat_or Wﬁh .manipulability ellipsoid), affects the recruitment andiaity
degrees of fre_edom (DOFS)’ then a unity sphere in th_e 10"6% the force sources of the human arm, i.e. the skeletal
torque Spﬁce 'S descnbed_byT/r = 1 The latter, accq[untlng muscles. Therefore, an experimental platform is needed to
for T=J (q.) b, whgreq IS '.[he joint angle vectod™ (q) be able to measure exerted forces and muscle activity for
'i the a]acf? bian matnx anl(ij IS theh ve(ilt.or o_fdt_he rf]orcesd at 4 variety of different arm configurations, and compare them
tened-eenffe_gto?i‘t(?rréei ngﬁﬁwrtsefo\i_e Ipsoid in the space Based on the manjpulability ellipsoids for each conf?gumti
: The purpose of this work however was not to investigate how
h" (J(q)J" (@) h=1. (1) humans choose their arm configuration according to the task

) ) ) B o force requirements, but given a preferred arm configuration
Equation 1 defines the force manipulability ellipsoid, #er \yhat is the effect of the manipulability ellipsoid on the

after mentioned as manipulability ellipsoid for simphcit ,ctivation of the musculoskeletal system.
This ellipsoid characterizes the end-effector forces tzat

be generated with the given set of joint torques, with th8. Apparatus
manipulator in a given posture [5]. The experimental setup included subjects holding a handle
In this study, we focused on the principal joints of themounted on the end-effector of a 7 DoFs robot arm. Subjects
upper limb, i.e. the shoulder and the elbow. The wrisivere seated with their trunk restrained to a chair through
motion was not included in the analysis for simplicity.harness belt. The subjects gripped an appropriately degign
Therefore, 5 degrees of freedom were analyzed; showlandle, mounted on the robot end-effector, with their dom-
der abduction-adduction, shoulder flexion-extensionubho inant arm (the right arm for all subjects participated). The
der external-internal rotation, elbow flexion-extensiarda handle was inside a tube, in which the subject’s forearm was
forearm pronation-supination, which can be simulated by mserted. The subjects’ forearm was supported inside the tu
corresponding joint angles, i.., g2, g3, g4, g5 for the through elastic straps transversely inserted into the. flibe
human arm, as shown in Fig. 1. For more details on thgibe was appropriately designed so that it restrained wrist
kinematics the reader should refer to [6]. motion (wrist flexion-extension and radial-ulnar deviadio
Following the notation in (2), in our casdh = The subjects were instructed to always hold the handle firmly
[ F, F, F, ]T where F,, F,, F, the forces exerted to The handle-tube along with the subjects’ hand is graphicall

Fig. 1. Definition of the 5 modelled joint angles for the stdwil and
elbow.

A. Rationale and requirements



depicted in Fig. 2. A 7-DoF robot arm, equipped with a * P(:) * o)
force-torque sensor at it's end-effector, was used to geeer n : s S
motion perturbations to the human arm, through the tube-
handle system shown. The tube was firmly connected with
the force-torque sensor. Position tracker sensors were als
placed at the elbow and the wrist of the user, while the
reference system was attached on the shoulder of the use
Xgr, Yr, Zgr are the robot reference frame ax&si, Y,

Zy are the human (or position tracker) reference frame axes
Xr, Y, Zr are the force-torque sensor reference frame
axes.

The tube-handle system was mounted on a 7-DoF robot
manipulator (PA-10, Mitsubishi Heavy Industries). Theabb
arm can be controlled in joint space, either in position or in
torque, while feedback for position and torque at each joint
is available in real time. Further information for hardware
characteristics, kinematics and dynamics can be found in
[7]. Between the tube-handle mounting and the robot end- :
effector, a 6-axis force-torque sensor (JR3 Inc.) was oedu _ _ _ by
for measuring human-robot interaction forces in the threg9 3 Starting pointsS(®), i =1,2,....,16, and corresponding target

. . ojnts, P,’, n = 1,2,...,16, for end-point perturbation in the 3D arm
axes of space. The SUbJeCtS were placed facmg the ro%ﬁrkspaee. All the starting points lie on a sphere. A clogesfia part of
from a distance so that most of their arm worksgas@s the sphere, with some starting points lying on it, is showrhat bottom
accessible from the robot workspace. Fig. 2 depicts tHeft side.
experimental setup.

A magnetic position tracking system (Isotrak i, Polnemus osition tracker provided measurements at 30 Hz. Data from

Inc) was used for measuring the human arm configuratioﬁ_.l o )
o . . . e position tracker were re-sampled offline at 500 Hz,
The position tracking system was equipped with a base

reference system, with respect to which, the 3D-positiah aqlfr Z'ggeiréya_mltgg“g?)ng FIR filter (low-pass, order: 24, ofit-

orientation of two small position sensors is given in real- EMG sianals were acauired using a sianal acquisition
time. The size of the position sensors was 2.83(W) 2.29( 9 qu g 9 q
. oard (NI-DAQ 6036E, National Instruments) connected to
1.51(H) cm, and they were firmly attached at the elbow (a . . )
: . an EMG system (Bagnoli-16, Delsys Inc.). Single differ-
the olecranon) and the wrist (at the styloid process of sjdlue tial surface EMG electrodes (DE-2.1, Delsys Inc.) were
of the subject, while the reference system was placed Orgeld Tuhe main responsible m scleé ,for thg choéer\:vtask
the subjects’ shoulder as shown in Fig. 1. The axes of th ' : ponsi u

robot arm and position tracking system were properly aﬁignewere recorded: deltoid (anterior), deltoid (middle), jpeatis

during a calibration procedure, using online measurenants major, trapezius descendens (upper), biceps brachiihiorac

both systems. LeKg, Y, Zg be the robot reference axesradialis, triceps brachii (long head). The EMG recordings

vectors, and leXg, Yu, Zg be the human references axesfrom gach mUSCIe were preprqcessed using t_he linear envelop
gchnlque, i.e. full-wave rectified, low-pass filtered arm-n

vectors (i.e. the position tracking system base). Then, tt%

relationship between them, as shown in Fig. 2, is defined bmallzed to their maximum voluntary isometric contrac_tlon
(MVC) value [8]. MVC values for all muscles were acquired

[ Xk Yr Zr |=[-Yu Za —Xua | (3 using guidelines found in [9].

Finally, using the tracker position and orientation measur _ Procedures and Tasks

ments, the modelled joint angles were computed throug ) o ) ) )
inverse kinematics. The inverse kinematic equations are TWO Subjects participated in the experiments. Each subject

omitted for simplicity, while the reader should refer to [6]WaS asked to firmly hold the handle while looking towards

for further analysis. the robot arm, as shown in Fig. 2. The robot arm end-
The position tracking system along with the Servo_effe_cto_r was initially pqsit_ioned at 16 starting 3D points
controller of the robot arm were interfaced with a persona(rg(z)v i =1,2,...,16), inside the human arm workspace.

computer (PC) running Linux through serial communicatiofore specifically, the starting points belonged to a sphere
(RS-232) and ARCNET protocols respectively. The force©f radius 20 cm and center a point chosen as the center

torque sensor measurements were collected using the apg?b-Studied arm workspaée Starting from each poins‘,
priate measurement PCl board mounted on the same PC

Th bot trol f 500 Hz. the f 2The center of the studied human arm workspace was chosenainia p
€ robot arm control frequency was Z, In€ Torcez he height of subjects chest, on the sagittal plane, atpanogimate

torque measurement frequency was also 500 Hz, while thigtance of 40 cm from the coronal plane. The latter choice mat based

on any physiologically defined point. It was selected tovelstudying a

1The subjects’ trunk and behind this point were out of the wpece of  wide range of the available human arm workspace, while gieeing the
the robot arm for safety. safety of the subjects.



the robot end-effector was moved to 16 surrounding pointbe robot could be commanded to track those trajectories
P n=1,2,...,16, that belonged to a sphere with centeusing its high performance servo controller, with a maximum
the pointS(® and radius equal to 3 cm. All the points andtracking error in joint space that did not exceed 0.02 deg.
motion paths are depicted in Fig. 3. Finally, the force-torque sensor was mounted on the robot
The robot end-effector initiated the motion from each poinend-effector, while its axes were aligned to those of thetob
S, i =1,2,...,16, to each pointP\”’, n = 1,2,...,16, as shown in Fig. 2.
lasting for 3 secondscénter-out phase). After arriving at Each of the two subjects (2 males of 25 and 26 years old
point p,@, the robot stayed there for 2 secondddx phase  respectively) completed the experimental session inotydi
1), and then returned to the starting poisft) following a  the 16 surrounding targét,”, n =1,2,...,16, for each of
constant velocity line path taking 2 secondetrn phase).  the 16 starting points®, i = 1,2,...,16 inside their arm
Finally the robot end-effector stayed there for 2 s_econdgorkspace. The recording of the data started as soon as the
(relax phase 2), before initiating motion for the nexP,El_ﬁl robot end-effector initiated motion from each of the points
point. The subjects were instructed to try to maintain theif”, i = 1,2,...,16 to its surrounding target®”, n =
hand initial positionS(® only during thecenter-out phase, 1,2,...,16. For example, it = 0 is when the robot initiated
i.e. trying to restrain to robot center-out motion. Durirly a motion from pointS™ to each one of its 16 surrounding
the other phasesdlax phase 1 and2, andreturn phase) the targetsP™, P{?, ..., P'% then the experiment stops after
subjects were instructed to relax and passively follow tobd6 motions fromS™" to eachP", n = 1,2,...,16 and
induced motion. back to S(V), lasting eventually = 9 * 16 = 144sec. Then
The perturbed motion coming from the robot end-effectothe robot was moved to the next initial point (i82) and
motion during thecenter-out phase was specifically de- the next session was started as soon as the subject confirmed
signed as sinusoidal, producing a variety of exerted foradat he was ready after resting his arm. All experimental
magnitudes. More specifically, the sinusoidal trajectoasw procedures were conducted under a protocol approved by the
designed so that the robot end-effector was performingational Technical University of Athens Institutional Rew
two full-periods of sinusoidal oscillations around thetimi Board.
point S(9, along each axis of motion. The amplitude of
the sinusoidal motion was equal to the distance between lIl. RESULTS
the initial point S and the target poinP.”, while the A Manipulability and musculoskeletal system
duration of sinusoidal motion was three seconds, succeede

by the two-second resting periotax phase 1). Let S() — et t denote each trial, during which, the robot end-

. . T _ _ _ 2 effector initiated the motion from each poirft®), i =

L:v((f) y((f) z((f) l and P = [ xif} yv(ff) Zr(f,zd] be 1,2,...,16, to each pointP\”, n = 1,2,...,16, while

the coordinates of the starting and the surrounding pointee subject was exerting opposing forces along the dinectio

with respect to the robot base reference system. The sinof the motion of the end-effector. Moreover, for each point

soidal trajectory{ 2@ v @ 2D lT along each SW i=1,2,...,16, the human arm configuratiag E_R5

axis Xg, Yr, Zr respectively, was given by: was computed _frorrgi)the position tracking system. Since the
o surrounding point$,"” to eachS(" were very close, the arm

i) i

2 (1) al xi} — ) configuration is assumed to be constant throughout each tria
yg) ® | = y(()i) + -%(f) _ y(()l? sin <4_7Tt) . Knowing the arm configuration, we could compute the
L0 (1) L) Z(i‘§ _ 0 manipulability ellipsoid for each trial. Moreover, knovgithe

o 0 nf 0 4 path of the robot end-effector, the direction of the induced

motion for each trial could also be computed. Ip&t denote

wheret represents time, antd= 0 denotes the start of the . o ; ,
a unit vector along the direction of motion for triaf,

center-out phase for each of the surrounding poinfa{”. . () n Y n
Therefore, the 3D position of the robot end-effector af.& "9 fromS'. Let 'xq), X2, {X(3 be the axes of
. ) ! ) . . he manipulability ellipsoids, whergx ;) the major axis.
each time instance was defined by the sinusoidal trajectmi_ ) o
. : . . en, a measure of alignment within the vegbdrand each
in (4). Regarding the orientation, the robot end-effectasw " n ' A A m
. . : Oof the axes'x (1), ;'X(2), ; X(3), defined by} Ay, ' Aa, ' A3
controlled to have all orientation angles (roll, pitch an  spectively. was computed by:
yaw) equal to zero. This essentially guaranteed that the P Y. P y:
tube-handle system would keep a constant orientation with
respect to the subject, which was identical to the initial
one, as shown in Fig.3%2 Having the desired pose of the . .
robot end-effector, the appropriate robot joint anglesevehere(-) denotes the vectors inner product. The alignment
computed using the pseudo-inverse Jacobian method [5]. FBgasures Ax, k = 1,2,3 take value at the range-1,1],
details on this procedure, the reader can refer to [7]. AMvhile the closer its absolute value is to 1, the more the vecto
the robot trajectories were designed and computed offlin®; iS @ligned to the corresponding axis of the manipulability

Having computed the desired robot trajectories in jointepa ©llipsoid. The values of the alignment meastiigy, k =
1,2, 3, for all trials (i.e.16 x 16 = 256 trials) were computed

3The tube longitudinal axis was always perpendicular to tremal plane.  for each subject.

P; - i X(k)

FAR = )
5 x|

k=1,2,3 (5)



The inputs to the decoder were the processed muscle
activations. The muscles activations were represented in a
low-dimensional space, by using the Principal Component
Analysis (PCA) method for reducing the data space. A three
0.1  dimensional space was finally selected for representing the
7 muscles’ activation. Details on the algorithm applicatio
on EMG data can be found in [11], [12]. The output of the
decoder were the estimates of the continuous represemtatio
of the force vector magnitude in 3D space. The training data
were grouped in subsets, each one of which included data

E<N/V) (inputs and outputs) for experiments with similar to each
29- 4-f th'\e/'ilf;‘isgﬁefgt %iiiﬂ?é vevgﬁ'fhgiﬁazeisﬁgg”? tgﬁ aské?g_'g:ea)‘(/glue other alignment measures. The absolute value of the later
|Thg ?neasure%i points (red dots) and a fitterZi probgbilit)rl) d,erfja'nction‘ was used’_and the re;ulted rarigel] was sectioned in 10
for their joint probability distributionp (| 41|, E) are shown. A Gaussian Subsets with equal width (0.1). For each of the subsets, a
N_Iixtgre _Model with 5 components was used for fitting the jgimbbability linear hidden-state model was trained and used for decoding
distribution [10]. A linear hidden-state model is described by the following se
of equations:

0.15

0.05

Among all trials, the magnitude of applied force could
be assumed as similar, since the subjects were instructed to
withstand to the robot induced motion equally across the

workspace. However, in order to quantify the effort “paid” : . . . .
P . 4 fy P wherex; € R? is a hidden state vectod, is the dimension
for each trial, the muscular activity was also used. The, _ . . )
. . . . of this vector andv,, w; are zero-mean Gaussian noise
integral of the EMG signals after preprocessing them (using_ . : . . :
4 . riables in process and observation equations respictive
the linear envelop technique) was computed for each muscle, N(0,V)) N (0,0,), where V; ¢ Rixd
for each trial. Let’U be the sum of those integrals for the Ve Vi) W Ti), ! '

trial 7. Then, we defined a measure of eff@d, for each oi € R are the covariance matrix and variance f,

xt41 = Gixy + B U + v

Ft = CiXt —+ Wy (7)

w; respectively. MatricesG,; (dx d), B; (dx3) and

trial i, as the quougnt of the integral of the total forceci (1 x d) represented the dynamics of the hidden states,
applied through the trial to the muscle effort representged b . : . .
" ie the relation between the low dimensional embeddings of

ng muscles activationl{) and the hidden states dynamics, and
TE = % (6) the relation of the hidden states to the output variable of
i the model respectively. The output variable of the decoding
The computed values of the measure of effditare plotted model is the magnitude of the exerted forEe The size
with respect to the absolute value of the alignment measudeof the hidden state vector for each model was chosen
»A, for all trials in Fig. 4. Moreover, a fitted probability using the Akaike criterion [13]. The subscripin the model
distribution function is also drawn. As it can be seen, thearameters denotes the different models for each of the 10
muscular effort was less in the cases where the absolutabsets based on the manipulability alignment measure, as
alignment measure with the ellipsoid major axis was closedefined below. Linear hidden-state models of similar form
to 1, i.e. when the direction of the exerted force was closevere used by the authors in the past, while details can
to the direction of the manipulability ellipsoid major axis be found in [14]. Therefore, a switching decoding scheme
Finally, it must be noted that we chose the aforementionegas used, where the switching variable (i.e. the measure
way to describe muscular effort, while many other variablesf alignment for a given arm configuration) was controlling
or measures could have been used. which of the models to be used for each configuration.
\ The original data set collected from each subject during
B. Decoding 3D force from EMG the previously described experiments was used for training
Based on the effect of the manipulability on the effort ofAfter collecting the training data, each subject was asked
muscles during force exertion, as analyzed above, we builtta perform some new force tasks in ten different points
decoding algorithm to estimate arm exerted forces along ttwe the 3D arm workspace, lasting about 5 seconds each.
3 axes of the arm workspace. The decoding scheme includ&te switching decoding method was tested using those new
the information about the alignment of the major axis oexperiments. The decoding method results are shown in Fig.
the manipulability ellipsoid (for a given arm configuratjon 5. As it can be seen, the force estimates were close to the
with the direction of the exerted force. Given the alignmenteal ones measured for each of the 10 points that spanned a
measure between the two vectors as described in (5), a sewdfle portion of the arm workspace. The root mean squared
linear decoding models was trained. Each member (decodiegor (RMSE) and the correlation coefficient (CC) between
model) of this set was trained using only data of muscléhe estimated and the real ones are also reported in Table
activations and exerted forces which had similar alignment The same criteria are computed using a single decoding
measures. The method is described below. model for all cases, i.e. without taking into consideration



— Estimated

Real

manipulability is analyzed with respect to the force exeérte
and the muscle activations. Moreover, a decoding scheme
is proposed that can estimate a continuous representdtion o
the exerted force magnitude using the muscle activation as
described by the surface electromyogram.

The proposed scheme could be used for controling devices
that are coupled or worn by humans for tasks involving force
exertion to the environment. Until now, most of the studies
have focused on the interaction between the human and the
worn device. However, as the applications of the coupled
human-robot devices are increasingly emerging in various
fields (i.e. medical devices, rehabilitation robots, pnest
devices), the need of the control of the interaction with
the environment entailing contact forces is greater tham ev
before. Nevertheless, the proposed decoding scheme could
be used for the control of arm exoskeletons during force
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Fig. 5. Results on decoding 3D force magnitude from EMG miogs

using the proposed method. Real and estimated values fog fomgnitude
are shown for the subject's hand being in 10 different pointshe arm
workspace.

TABLE |
ACCURACY IN ESTIMATING HUMAN ARM EXERTED FORCES WITH THE
THE PROPOSED SWITCHING METHODOLOGY AND A SINGLE DECODING
MODEL.

(1]

Decoding model CC  RMSE (N)
Switching 0.97 4.09 2]
Single 0.78 14.23

(3]
the effect of the manipulability in muscle activation and
in general the recruitment of the musculoskeletal system in
force exertion tasks. These values are also included ireTabl [4]
for comparison. As it can be seen, the information regarding
the arm manipulability in the decoding process signifigantl [5]
improved the overall accuracy.

At this point, it must be noted, that although the 3D [6]
points in the workspace used for testing were selected by
the subjects, their arm configuration and the direction ofj7]
the exerted force were recorded and used for computing the
manipulability information and alignment measure. Howgve
this does not severely affect the applicability of the metho [g]
since in cases of worn devices (i.e. arm exoskeletons),
this kind of information (i.e. arm configuration) is usually [9]
available through the device’s sensors. Finally, all rssle-
sented are from subject 1, however they were also confirmé&d]

by subject 2 who showed very similar behavior. [11]

IV. CONCLUSIONS AND DISCUSSION

In this paper, the arm force manipulability and its effect?
on the recruitment of the musculoskeletal system in armg]
force tasks was analyzed. It was shown that the axes of
the manipulability ellipsoid play a significant role on thel'!
activation of the muscle while the arm is interacting with
the environment, i.e. exerting forces to it. The main ngvelt
of this paper is that for the first time, the human arm

tasks. Although the use of EMG signals@mtrol interface
has been proposed in the past, it has never been realized in
orthotic devices that interact with the environment. Irsthi
paper, the effect of arm manipulability, which essentially
depends on the arm configuration, was analyzed, while a
robust method for using the electromyogram for the control
of such devices was proposed.
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