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Abstract:  This article presents an efficient scheme for computing optimal grasping and manipulation forces for
dexterous robotics hands. This is formulated as Quadratic Optimization problem formulation. Computation has
been based on non-linear model of fingertips contacts and slips. In achieving grasping while in motion, hand
inverse Jacobian is considered an important matrix to be computed, however, it is considered as highly intensive to be
computed. Consequently, we investigate an efficient approach by using Artificial Neural Networks (ANN) for
learning grasped optimal forces. ANN is used to learn the optimal contact forces relating hand joints torques to object
result force. Results have indicated that ANN have reduced the computational time reasonable values, this is due to
the ability to map nonlinear relations. Furthermore, results have revealed that ANN are capable of learning highly
nonlinear relations relating distributed fingertips forces and the joints toques.
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I INTRODUCTION the Singularity Robust Inverse. Mapping hand

Kinematics and optimal distributed force control issues Jacobian inverse, i.e. joints space to fingertips optimal

for Multi-fingered hands have been a theme for force distribution, to a set of ANN neurons

considerable research [1,2]. Al techniques have also interconnection weights facilitates a reduction of

been introduced by many researchers in areas of computational execution time. In addition, this gives

robotics control.  ANN, for example, have been an ability to add more training patterns that are valuable,

heavily employed in robotics technology such as robot particularly once a hand passes singularity.

arm visual control [3,4], kinematics of high degrees of

freedom robot arm [5]_, furthermore, the stydy Il. DYNAMICS FORMULATION

introduced by [6] in which they employ a real-time

learning neural system in solving inverse kinematics, Grasped object undergoes a motion, once fingertip

the research introduced by [6], in which they employ an forces are exerted, Fig. (1). Dynamic behavior of a

artificial neural network for tracking and grasping a grasp object is defined as time response of an object

moving object observed by a six degrees of freedom to change motion or force trajectories. It is

robotics arm system. Maciejewski et. al. [7] introduced a quantitatively represented by natural frequencies and

methodology to reduce computational burdens based on damping ratios of a grasp on each object frame degree

Givens rotations. Research contributions in task space of freedom. Defining a Cartesian based posture error

measure can also be found in [8], as static and dynamic of an object as ee ®®? as e=yS—u§. Entire object-

manipulability ellipsoids have been used. An alternative hand contact system is described in terms of joint-space

employment of artificial neural networks has been the torques 1 joint torques and Euler dynamics by :

one presented by Wohlke, [9], here conception of control

system was based on combination of a ANN for an = (Mh3, X+ Te) 1)

adaptation of grasp parameters and a fuzzy logic for the .

correction of parameters values given to a conventional Te = Nk+ck+JI(¢w— Z I(q)cd—nk)j

controller. [10] has proposed a Fuzzy-Neural system °

control system that learns specific hand-object mapping, X = (M@, - 3,0¢) € R 2

without considering the issue of interaction forces

among the fingers. Control law stated in Equ. (1) depends on dexterous
Hand inverse grip transform, r—!. Computation of

In this contexts, this manuscript rather glances at hand kinematics is not an easy task, specifically in real-

exerting optimal grasping forces while a grasped object time. Also inverting hand Jacobian matrix JJ, is

is in motion. Jacobian hand inverse has been avoided
to compute, as compared to other techniques which used
other numerical algorithms to compute the inverse via

complicated, due to fingers collectively to do movement.
Fingertip force distribution depend on ! and J .
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Dexterous Hand

Fig. 1.

Dexterous Manipulation.

I11. OPTIMAL FINGERTIPS DISTRIBUTION

Fingertips forces and moments do yield a resultant force
and moment acting on a grasped object. This is
computed from eight vectors according to the following
geometric vector-space relation :

3)
(4)

foi = foi
Mbi = Moi + foi X roj

where 1, defines a vector from an i contact location to

object centre of gravity frame. For the case of no change
from centre of each fingertip to the centre of the object
(i.e. no fingertips slip), external forces f. and moments

M on a grasped object can be calculated (in terms of
object results force F,) from «, and my as:
Te ‘.RGX24

Fo =T xilp ®)

For frictional point contacts, general contact forces
fuipi » transmitted from fingertips to an object surface are

filtered and reduced to three forces rather than a six-
dimensional vector of forces fo,; and moments my; .

Hence, contact force vector for the entire hand is
expressed as :
(6)

T _ 12x1
Kiip — [Ktipl Kiip2  Ktip3 Ktip4:|E R 8

According to Lee, [8], fingertip force vector
associated with an object dynamic F, is defined by :

wio=[rrT| TRt 7)

Equ. (7), represents a solution of a force distribution
redundancy with possible adjustable force vector fnom
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in such a way, a solution of f;, must satisfy a contact

cone and hand actuator's torque constraints.  Once
fingertips do not slip, (i.e. firm grip at contact point),
few inequalities conditions must be satisfied. If the
unknown contact force vectors onto the object are
expressed at contact frame, hence with a contact normal
(f$) along the (z ) direction and directed outward with a

coefficient of friction (), the friction force cone
constraints may be then expressed by /isz +2, iﬁu Kz

To contrast a newly adopted force optimisation algorithm
with already used and previously presented methods,
(i.e. algorithms for linearizing the nonlinear contact
constraints and the simplex optimization), an optimal
internal forces optimisation method is also investigated
for a four-finger case. In finding a solution to force
inequality formulation, an optimisation approach is used,
as due to Nahon and Angeles whom they formulated
quadratic objective function. Optimisation variables are
the internal forces' magnitudes, which are used to
determine the amount of stress on an object to be
manipulated according to the following well know
robotics hand linear equality and linear inequality
constraints are thus defined by :

optimize X(Ktip)
Subjectto T xg=F
Wi, < B (8)

Once a multi-fingered hand comes in a content with a
grasped object The need for minimization of a grasp
stress (or amount of squeeze) requires the minimization
of the actuator torques 1. If the vector of all the
actuator torques in the system is given by 1, then %
(«Iz.) defines the actuator torque norm. Furthermore,
the <, vector consists of two torques: the
unconstrained torque t, and the torques needed to

grasp the object given by 3«

oki) =% 9

In this respect, we are computing fyp; for a four multi-

fingered robotics and fingertips, as this will be based on
optimizations method, with a given constrains.  After
then, we shall generate large amount of training
patterns to teach a four layers ANN structure. By this,
we are designing a learned ANN for dexterous hand
force optimization. In this respect, the main duty of a
learned ANN system is to let teach a ANN the optimal
distribution of fingertip forces to manipulate a grasped
object. Optimal distribution are to be obtained using the
classical optimization routines, as the system is
formulated in terms of nonlinear optimization problem.



IV.  ANN NONLINEAR APPROXIMATION

Four layers of fully connected neurons are thus used for
approximating the nonlinear mapping function. That
was done from a set of available examples called
learning samples or training patterns.  For the Hand-
Object control system, the relation which we shall let
the employed neural network to learn, Fig. (2), is
defined in terms of some training patterns of object
Cartesian posture ¢, rate of change of object posture

Ay, and entire hand joints rate of change, A®., as
expressed by :

A = B, AuS, U, AO ) (10)

In (10), « is the ANN function, changes in hand joints
space (A@®,) is made a function of the neural network
structural parameters in addition to grasped object
motion parameters (Au§, uS, A®x ). The focal
purpose of neural network structure is to approximate
the nonlinear mapping involving changes in hand joints
to changes in the object position and optimal force
distribution. Neural approximation of Equ (10) is used
by hand Cartesian PID based controller, which indeed
depends on nonlinear mapping between changes in hand
joints to changes in the object position.

Samples of Fingertip forces
Object Displacement Data
‘ Input neurons Layer

@ 4) @4} of grasped object
ol 9/
o oo
=

Hidden Layers
With massive
Interconnections

Output
Layer Optimal Fingertip forces

Optimal Fingertip forces, expressed in term of joints

Fig. 2. A four layers mapping ANN.

Inputs to the neural system are: desired Cartesian
object forces u§, changes in such Cartesian forces

Au§, one step change in position of the entire joints
in radians A@y . Neural outputs are the required
changes in joint forces for the entire hand A@x. The
desired object forces values are obtained in advanced by
moving the object to the required position. Hence after,
the neural network learns such a nonlinear relation
between input and output patterns sufficiently, it
shows a nonlinear map between the forces and
orientation of the fingers and those of the object,
which usually computed using hand Jacobian inverse.
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V. TASK-SPACE SIMULATION

Dynamic simulation was done using kinematics and
dynamics models for a four fingers hand. Object path
of motion was defined. Learning patterns were
generated via once the hand was to follow a pre-defined
trajectory, while grasping. To illustrate aspects of
computation, object Cartesian motion that passes the
object through a (non-singular configuration) is
employed. The task is to create 3-D sinusoidal object
motion with no change in orientation. Articulated
hand has been simulated, and hand dynamic motion
simulation is presented in Fig. (3). The multi-layer
neural network (for mapping object motion to hand
joints toques) used in the simulation. The neural
network does consist of 18 inputs, 12 outputs and 50

hidden units. These nets map the 18 inputs
characterizing the object.
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Fig. 3. Validating the neural hand controller :

Training patterns and errors
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Fig. 4. Optimized fingertip contact forces.

To assess used control methodology, simulation of a
constrained dynamics system has been initially achieved
using both kinematics and dynamic models of an
articulated robotics hand. The hand has been
simulated with conventional inverse kinematics
algorithms and optimal force distribution, where
training patterns have been generated.  Training



patterns have been based on object Cartesian motion
and associated joints displacement.  The hand has
been run for large number of trials to produce as large as
possible of training patterns. The hand has been
allowed to follow a pre-defined path over 5 sec. of
manipulation time. In this sense, the associated
patterns  AuS, u§, A®ka are tabulated in the
proper format to be suitable for the neural network
training.  The quantity of the training pattern was
reaching a size of (500) for a single variable (e.g.
Au§). Hence to validate the neural network ability

to model the hand inverse kinematics, the error
between a typical neural output node (e.g. 0s3) with the

actual one has been computed and analyzed.

Execution process starts first with employing the trained
ANN controller. Once grasped object position and
orientation have been defined, the ANN, hence
computes the associated hand joint torques by
presenting the network with some patterns which were
not included during the training process. Once the
neural network presented with such pattern, it
associates input patterns with trained joint displacement
patterns. The ANN is employed in the hand controller
for the calculation of joint displacement as required by
the full controller already presented by (1). The
employed ANN has proven it was able to reproduce a
good mapping mechanism as compared to other full
kinematics-based relations.

For instant,  Fig. (3) shows training error associated
with the object displacement by fingertips movements.
Contrary to the method of internal forces optimisation,
Fig. (4) shows distributed contact forces based on the
use of nonlinear constraint optimisation of Equ (8) for
training ANN. Contact forces do satisfy geometric,
kinematics, and frictional constraints. It can be
observed, distributed contact forces are symmetrical
around the middle of the path.  Normal forces along
(z) axis direction are much greater than the two
associated frictional forces by a factor determined by
the type of material used at the fingertip-surface
interaction. It is noticeable, how the employed
optimisation technique has indeed computed the most
suitable forces while satisfying all stated constraints.

It has been shown a computational methodology to
compute an optimal set of fingertip forces, while
updating the kinematics relation via an artificially
learned neural network for multi-finger robot hands.
Larger training patterns could result in longer hand
training time and the possibility of not getting a
convergence neural network.
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VI. CONCLUSION

This article has presented a novel approach for
computing both optimal set of fingertip forces
distribution and an wupdating mechanism of the
interrelated kinematics relations for dextrous robot hand.
The problem has been quadraticlly formulated and
structured, that was based on ANN, as to compute
fingertip forces at object-fingertips contact. Computed
forces are hence used in hand closed loop force control.
Secondly, for achieving a manipulation task, the
issue of the inverse kinematics for multi-fingered robot
hand has been also considered. In this context, object
motion is defined in a Cartesian based system,
therefore differential Jacobian plays an important role
in Cartesian object motion. Nonlinear relation between
Cartesian object posture and hand joint-space settings,
and control signals mapping were learned via four
layers artificial neural networks trained for almost
possible object displacement.
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