Autonomous learning of 3D reaching in a humanoid robot
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Abstract— In this paper, we describe the implementation of a Depending on how we decide to encode the target position

precise reaching controller on an upper-torso humanoid robot.  (and the relative sensory-motor transformation) thesierzal
The solution we propose does not rely on prior models of the tion procedures might not be necessary. Assuming that the

kinematic structure of either the arm or the head. A learning Lo . . g
strategy enables the robot to acquire the required sensory-mot robot is fixating the target, the joints of the head implicitl

transformations. After learning the robot is able to precisely ~ €ncode the position of the target in the world. In this case
reach for a visually identified object in the 3-dimensional space. a simpler approach could be to directly map the joint vector
In this technique we use the fixation point (represented in the  defining the current head posture to the arm joint vector
head joints motor space) as a reference frame to code the 4rregponding to the configuration of the arm that brings

position of the object and to represent the eye-to-hand Jacobia o ; .
matrix. This strategy successfully deals with the kinematic the hand to the fixation point. We call this mapfaward

redundancy of the structure and constraints the dimensionality ~ ‘Motor-motor” map because it is a direct link between the

of the problem. motor angle of the head and those of the arm [5], [6].
Index Terms— Visual servoing, reaching, learning, Jacobian, Reaching can be performed by inverting this motor-motor
humanoid robotics. map. An extension of this approach to redundant manipula-
tors has been proposed in [7].
|. INTRODUCTION The procedure to learn the motor-motor map is straight-

forward and can be easily acquired in a “motor babbling”

To reach for a visually identified object the robot hasphase in which the robot moves the arm randomly while
to solve an inverse kinematic problem. This problem hasnaintaining fixation on the hand. The limitation of these
been studied extensively in the robotic literature and manwpproaches is that reaching is intrinsically ballistic @ugs
solutions exist. None of these solutions is easy to implémemot use visual feedback. The precision of forward map is
in practice. The main limitations are that they usually iegju learned poses intrinsic bounds on the accuracy of the negchi
some knowledge of the robot kinematics and that the camenask.
parameters are either available “a priori” or estimated by This problem can be solved by using a visual servoing
means of a specific calibration procedure. The problentontrol schema (for a review: [8]). These techniques use
becomes even more complicated for humanoid robots whicthe Jacobian matrix to control the arm so that the visual
are often characterized by a large number of degrees afistance between the hand and the target is progressively
freedom (DOF) and redundancies in the arm and head. Theduced to zero. [9]-[11] describe procedures to estinfete t
kinematic of the robot in these systems becomes a comple}acobian matrix of a robot. Unfortunately these techniques
function whose estimation is not, in practice, a trivialktas do not suggest how to deal with highly redundant systems.

In general solving the reaching task requires a sensoryFhe Jacobian matrix, in fact, is a function of both the arm
motor map transforming the position of the target in theand the head joints, and its estimation becomes quickly hard
visual domain into the arm joint vector which solves theas the number of joints increases.
task. Extensive literature describe calibration procesuor A somewhat intermediate approach is described in [12]. In
retrieving at least part of the parameters which charameri this case the robot uses stereo vision to compute the positio
this mapping [1], [2]. These techniques can be quite aceuratf the hand in the 3D space; reaching is then accomplished
but require the robot to operate in somewhat structured envby inverting the forward mapping between the arm joints
ronment, typically involving a known object (or a calibmti and the 3D position of the hand. This solution employs
grid), and a calibrated hand pose sensor. Some procedurasvisuomotor map, which naturally maps vision to motor
have been proposed to relax part of these assumptions. fpace. Indeed from the forward map the authors derives the
particular [3] avoids the need for a calibrated object, whsr eye-to-hand visual Jacobiaof the arm which allows the
[4] exploits specific kinematic constraints to avoid an &ipl robot to drive the hand to the target with arbitrary precisio
measure of the hand pose. To deal with the degrees of freedom problem the authors



Fig. 2. Two typical images taken from the two cameras mounteti®@eyes
of the robot (resolution 320240). The coordinates of the target (the blue
ball) on the image planes will be denoted, v,, andu;, v; (respectively
right and left cameras).

Fig. 1. The humanoid robot James.

propose an approximate solution where the head joint vector

is substituted for by the output of the robot gyroscope. Theai of of 6, 6, QT]T € RS and the first four arm

drawback of this approach is that it requires prior caliorat joints (3 d.o.f. shoulder and elbow) denotgg,,,, € R*.

of the visual system and no relative movement between the

cameras. In practice this solution forces the robot to ragint

the eyes stationary in a fixed position with respect of thelhea  In this section we describe how we control the gaze of
The technique we propose in this paper integrates the opdhe robot to fixate a visual target. Lét,.,v.) and (u;,v;)

loop and the closed loop approaches, as it was previouse the coordinates of the target on the right and left image

proposed in [13]. The main idea consists in learning a slgitab plane respectively (see Figure 2). Directing gaze towaed th

(motor-motor) map to direct the hand close to the fixatedarget consists in moving the neck and the eyes so as to

object. The closed loop controller is then activated as soofbtainu, =0, v, =0, u; = 0, v, = 0. Let us define the

as visual feedback of the hand becomes available. Togeth¥eCtor userger = [ur w  v] € R? corresponding to the

these strategies enable the robot to initiate a reachirignact target location in the image plarfe©ur control task can be

whether or not sight of the hand is available (e.g. wherredefined as the problem of controlling,,.: to zero.

the hand is out of yiew or in the dark). '_I'he closed IoopA_ Head redundancy w.rt. the task

controller allows taking advantage of the visual feedbaxk t

arbitrarily reduce the positioning error. Differently fro[13], k

we propose a methodology to autonomously learn both thBOt constrain all the head degrees of freedom (we are

open-loop motor-motor map and the eye-to-hand Jacobialf'POSingm = 3 constraints but we have = 6 free variables

matrix. The method we propose does not rely on any priofvailable: we remain yvitfn —m=3 additionalﬂdegrges of
information about the robot kinematic structure nor it rieeg! freedom)._ TO solve th's_ redun_dancy probl_em we '”?p‘?sed
camera calibration or solving the explicit 3D problem. three additional constraints which are required to be fiadis

when fixating the targetal = 0, of = 0 and 6§, = 0.
Il. THE ROBOTIC SETUP Mathematically the above constraints are implemented as

The experiments described in this paper were carried ofp!lows:
on the robot James (see figure 1). The head is equipped with
two eyes, which can pan and tilt independently (4 DOFs), [at = K,(u + u,) of = Ki(v+v,)
and is mounted on a 3 DOFs neck. The arm has 7 DOFs:{éy = Kyt {9}0 =  Kaf
three of them are located in the shoulder, one in the elbovylergence is instead controlled separately:
and three in the wrist. The hand has five fingers and is under- ) ’
actuated with a total of 20 joints controlled by 8 motors thus ad = Kp(uw —u,). (2

resulting in 8 DOFs. . . S
The head structure has a total of 7 degrees of freedo .,)'(r;?j”%’ eth;l Eeg k roll degree of freedo) is maintained
, i.e.0s=0.

actuated by 8 motors. Four of these motors are used & .
independently actuate the pan and tilt movements of th The proposed control strategy allows us to asymptotically
ﬁxate the target«; — 0, v; — 0, u, — 0 which implies

left and right eyes. Even though the eyes can be move 0) while al ranteeing an mototically straiaht
independently, our strategy was to couple their movementy” ) € also guaranteeing an asymptotically straig

C C H H
so to achieve a more human-like motion. We used commovglii %r—t}hg’ aatin:KO).II\(/IOrigvzrrlmdb)fl((:hi??san%siiks)lljelta;gle
tilt o¢, vergencend and versiome. g pr By By r p

The neck has three degrees of freedom, denéfed, and achieve an asymptotic behavior Wlth the eyes moving rapujly
: . on the target and the neck following the eye movement with
0, for yaw, pitch and roll respectively.

) . a slower movement.
To summarize, the variables relevant to understand theé

remainder of the paper are: the head joifi§e.q = 1We here assume that the cameras are horizontally aligneds,i.e. v,

IIl. GAZE CONTROL

Clearly, the above task specification;{,4.: — 0) does

)



IV. REACHING the arm configuratiorg,,., with the position of the hand

In our formulation the problem of reaching consists in’and:

moving the robot arm so as to reach with the hand an Xnhand = farm (Qarm ), farm :RY — R3.  (3)

observed target. Classically, reaching passes troughghe e ]
timation of the cartesian position of a targel, e € R® In the next section we show how a neural network could be

(with respect to a robot centered reference frame) using@ned to approximate the arm forward mapping (Eq. 3).

the stereo camera system. Given that the head is movingH Suppose now that the map has already been learned and

we havexya,ger = F(Qnead: Wrarger) fOr @ suitably defined at the robot is fixating a target to be_ r_eached. Formally the

function F. In practice, the estimation of this function is Problem can be formulated as determining the valug.9f,

a delicate calibration procedure consisting in two steps: ¥/hich solves the following optimization problem:

camera calibration and a kinematic calibration [1], [12]. min (J) = min |Xnand — Xrarget||” » 4)
Given the target position, reaching can be performed by Qarm Qarm

means of the forward kinematic ma@, which gives the where x;4.c; is measured from the encoders of the head,

hand cartesian positioR,..q as a function of the robot arm  while x;,,,,4 is computed fromy,,, through Eq. (3). Given

configuration:X,and = G(darm). The combination of the the redundancy of the arm kinematics the minimization (4)

mapsF andG can be used to perform open and closed loofhas infinite solutions. We constrained the problem by fa@rcin

target reachingy one of the joints, for example joint number 2 (one of the
In this paper we tackle the reaching problem with a differ-shoulder joints), to remain as close as possible to a preskfin

ent approach, originally proposed in [5] and here extended tvalue gs:

the case of a redundant head and arm. Instead of representing ) ) )

the target position in the cartesian spatg,g.;, we use 1 (Je) = o [Hxhand — X¢arget||” + (darm,2 — G20) } :

a representation in a spacg.rq.: homogeneous to the (5)

previous one but strictly related to the robot motor space. The optimization of (5) can be performed numerically

With this representation no camera calibration is needeld arusing various algorithms. In our implementation, we used

a fully autonomous learning can be performed. the downhill simplex method as implemented in [14].
1) Learning the open loop reachingio learn the forward
A. Open Loop Reaching motor-motor map of Eq. (3) we programmed the robot
Suppose that the robot is tracking a target as describe@ perform random movements with the arm. During this
in Section IIl. Ideally, after fixation is achieved, we have “exploratory” phase the robot tracked the hand, and col-

Qhead = [Gy 0, 0 ad 0 ()]T c RS. Since there exists lected samples of the fqrn(u: Qv Xhand )i:(),l..._' A neural

a one to one mapping between the three dimensional positid}etwork was then trained to learn the relatian,,, =

of the targetk;a,4e; and the three non-zero variableg, 6,  Jarm (darm), Which approximates Eq. (3).

andad, we can definecq, ger = [Gy 0, a;f]T € R3. This In the experiment reported in this paper we collected a

new variablex,,.; € R? uniquely codes the spatial position data set of about 2890 samples that we divided in a training
et Virain = 2168 samples) and a test selN{,, = 725

of the target in a way that resembles a three dimensional | h | K | h
polar representation. In particuléy andd,, code respectively samples). The neural network we employed was the Recep-

azimuthand elevation while distanceis substituted withy, ~ 1ve€ Field Weighted Regression model proposed by [15]. This
(the vergenceangle). network implements an online learning method, meaning that

If the robot tracks the hand, the same subset of the head leamning step is performed every time a new sample is

joint space can be used to code the spatial location 0tPresented to the network. All samples in the training set
the hand:x 0, 6 ad]T c R3. Under these €€ shown to the network in a random order. After each
Rhand — Y P .

assumptions. théorward ma invf R4 R3 relates training step the performance of the network was validated
P ' PPN arm - on the whole test set, by computing the Mean Squared Error

2Given an observed target;qrgc: With the head in the positiony,cqq, (MSE) between each sample in the test 96kuna» and the

the open loop reaching is the result of: corresponding network outpuk? ... The plot in figure 3
B " » shows the trend of the error on the test set during learning. A
darm = argmin [G(@) = FlQhead; Btarger)]|- the end of the training the network reached the performance

of MSE= 5.7 (with STD= 10.4).

When the hand is visible on the image plane,residual (imageeplamors
can be reduced implementing a visual servoing controller:

B. Closed Loop Reaching

By measuring the visual distance between the hand and
the target, we can improve the reaching accuracy by imple-
where A# is the Moore-Penrose pseudo-inverse of the matrix menting a closed control loop. The underlying idea congists

G OF
_% % Uhand — utarget)v

darm =



performing a preliminary (open loop) reaching movement and
then refining the action by visually correcting any residual .
error. A classical closed loop implementation based on the {

forward model (3) would be the following:

afarm
8Qarm

where A# denotes the Moore-Penrose pseudo_in\/erse of ﬁlg 3 Left: learning of the arm forward function. Right_ahening the arm
matrix A. However, if we are fixating the target, we do notl2°oban. The plots represent (IMSE on the test set during learning. See
have direct access t9,,,4 Which, instead, requires to fixate
the hand. A possible solution consists in directly measurin
Xnand DY temporarily shifting the robot attention to the hand.head tracker and performs a sequengeof small arm
Alternatively, our idea is to estimate the eye-to-hand B&o  movementsAq¥,,,, which perturbuy,,,q of small amounts
matr|x WhICh reIate; arm vequﬂe‘;g?rm WlthThand velocities  Auf, :( Auf,.., A4k, )k:O,l...,m' All m perturbations
in the image plan@ine,a = [ @ @ o ] : Auf . and Aq%,,, are linearly related throughl; as
. ~ . described in Eqg. (8). From these observations we can
u =J , , 6 . . . - .

) hand = J (Garm; Ghead) Garm © derive a least squares estimationJgf from which, in turn,
whereJ € R*** depends on both the configuration of thewe can compute the pseudo-invem]%_
arm and the head. In practice, assuming sufficiently smail ar  Re-iterating this procedure leads to the collection of a
movementsAq,,, We can use the following approximation: geries of examplesé @ JJ# . An approximation

- . j=0,1...
AUpand = J (Qarm, Ahead) AQarm, (7)  J# of J# is finally obtained by training a neural network:
- T i

W_here AUpgng = [A_ur, Auy, Ay is the image plane g (Qarm) » g:R' R (11)
displacement resulting from the arm movemeéwy,,.,,,. Due R
to the additional constraints posed by the head tracker, wehose output components are the coefficientdfc R**3.

MSE

#
:| (Xhand - Xtarget)7 1° 500 Wes 1500 2000 105 20 80 120 160

samples

qarm = - |:

showed that only a subset Qf,cqq, Xtarget, IS Sufficient to We report here the result of a learning session. The
uniquely identify the position of the head, so we can rewriterobot explored 210 different arm positiong,.,, randomly
equation (7) as: distributed within a region of the workspace. In each of ¢hes

= = A positions the robot executed = 10 perturbationsAqF,
Atang = I (arm: Xtarged) Adarms - I ERN @) 04 e imated an examplE’ for the neural network. We
Moreover, after the preliminary open loop reaching move-rained the neural network on a subset’df..;, = 158 ele-
ment, we know thak;q,ge: = f(Qarm) SO that Eq. (8) can ments (training set); each sample was shown to the network
be further simplified to: only once and then discarded. Following each training step,
we evaluated the performance of the network by computing
Atpang = I (darm) Adarm, I € RP ©®)  MsEon the remainingVy.; = 52 elements (test set). At the
whereJ depends only on the arm joint configuratiqg,..,, . end of the training the error on the test set WASE = 2
Using (9) as an approximation for (6), we can implement(STD = 7.1). Figure 3 reports the plot of the error during
the following closed loop controller: learning.

qa'r’m =—k- J#(qarm)uhand7 J# € R4X37 (10) V. RESULTS

wherek is an arbitrary positive scalar. This control law min- In this section we report the results of the experiments
imizes the erroe = ||jupanag — utmgetn2 and asymptotically we carried out to quantify the performance of the reaching
drives the visual position of the hang,,,q to the visual movements. Following the proposed strategy, in order to

position of the targeti;q,ge: = 0. reach for the target we first need to fixate it, sy ger = 0.
1) Learning the Closed Loop Reachindo implement Clearly, the image plane distandBupend — Wiarget| =
(10) we need to evaluate (actually its pseudo-invers&”).  |lunanal can be used as a rough estimate of the reaching

As described in Section IV-A.1, the robot moves theprecision, i.e. of the Cartesian distance between thettéoge
arm randomly, while maintaining gaze on the hand. At thebe reached and the position of the hand.
end of each movemenj the arm is in a configuration
/..., while the eyes are fixating the hand(.q ~ 0) A Open Loop
with a straight gaze (the head tracker has reached con- The first attempt to reach the target consists in using the
vergence). Each arm configuration corresponds to a diffetearned motor-motor map (3) and the strategy (5) Clearly, if
ent value ofJ; = J (q{;m). Now the robot inhibits the the forward kinematic function (3) were perfectly represen
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Fig. 5. Left: movement of the hand on the left image plane (3240)
during the execution of different reaching actions. Solige! closed loop.
Dashed trace: open loop. Right: time response of the closgzidad open
loop strategy on the left image plane. Solid ling: Dashed linesy;.

Fig. 4. Open loop image plane erraus,,.,q for different choices of the
redundant variablgzo. On the horizontal axis.,- andu;; vertical axisv,
andv; (always in pixels).

Xrarger
and if the target were reachable, then, after (5), we would Open Loop Qarm

havexhand = Xtargets which implieS”uhand - utarget” =

0. In practice, the model (3) cannot exactly represent the Closed Loop [~ —¥— Plant [C1T9) Hand Locator
system kinematit Therefore, even tough we can fig, ., :

such thatxj,gng = fmn(qwm) it is not guaranteed that after Garm

the movement executioffuygng — Wiarget| = 0. Figure 4 Khand

shows the image plane errors after the execution of the open
loop movement. The plot has been obtained by fixating a Fig. 6. Scheme of the simultaneous open and closed loop control
target and performing a series of open loop movements. Each

open loop movement was different because (5) was solved )
by choosing a different valugy. With this control strategy when the open and closed

loop controllers are active, the system receives positiah a

B. Closed Loop velocity control simultaneousty A comparison between this

Residual visual errors can be reduced by a visual closedontrol strategy and the one proposed in Section IV-B is
loop control strategy (10), started immediately after thegiven in Figure 7. The image plane movement (Figure 7)
open loop phase. Relatively weak conditions on the learneig much more regular resulting and the execution time is
Jacobian [16] guarantee the convergence of the image plameduced (right part of Figure 7).
errorsuy,,q to zero, and therefore the convergence of the
hand x,qnq to the targetx,,q.;. Figures 5 shows how the D. Null space movement
hand is actually driven to the exact image center in both In order to validate the quality of the Jacobian estimation,
the image planes. Accuracy is improved but at the cost of @e tested the effects of a null space movement on the primary
slower execution speed (see Figure 5 right); faster exausiti
couldn't be obtained by increasing the control loop gains, d “In our system, a position commangl, ..., 4 is always translated into

trajectory following command by moving the hand along a ttajgc
to the frame rate (thirty milliseconds) and the delays in theawm(t) ¢ € [0,T] such thatT is the execution timegarm (0) is

visual processing (hand localization and tracking). Fynat the arm position when the command is received,m (T) = darm,d
is important to notice the quasi-linearity of the path faleml  is the desired final position and finaljfarm(t) = 0, vt > T. If a
by the hand durmg the closed Ioop phase This Imeant)yelocny commandj,m,q is received while executing a position command

(), the or|g|nal veI00|ty command is transformed into a new one:
denotes a good accuracy of the learned Jacobian. GQarm = Garm () + Qarm.d-

C. Superimposed Open and Closed Loop

Finally, we tested an alternative control strategy based 100 = ooy ot
on activating the closed loop phase immediately after the “ o
hand becomes visible on both image planes. Practically, ) 2.
a feedforward control performs the open loop part of the ° / g |
reaching movement and it does not require the hand to be 0 o0
visible in the image plane. The feedback control instead -100 150l —
corresponds to the closed loop part of the movement and e time i1
can be activated when the hand has been localized in bofy 7. Left: hand movement on the left image plaseq(x 240) during
the image planes (see Figure 6). the execution of a single reaching movement. Dashed line: hanement

during an open loop movement followed by a closed loop phadel Bee:
3part of the representational errors are related to the septation of ~hand movement during the superposition of open and closedsivategies.
the kinematic function, in this case the so called ReceptisdAVeighted ~ Right: time response of the horizontal image plane positipn Dashed
Regression model. Part are due to the mechanical plays anthbad the  line: open loop movement followed by a closed loop phase. Sotiet
mechanical structure. superposition of open and closed loop.
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Fig. 9.  Null space arm movement corresponding to the image plane
movements shown in Figure 8. [5]
task (keepingiy,,q = 0) as proposed in [10]. A simple way 1ol
to perform this testing is the following control strategy:
[7]

Q(zrm = *kl : J#uhand + k2(1 - J#J)W7 (12)
wherel € R*** is the identity matrixw # 0 is a randomly (8]
chosen vector ifR* andk,, ko are positive constants. Ideally,
the strategy (12) should allow arm movemexts.,, # 0
while leaving the hand positiony,.,q unperturbed. Practi- [©]

cally we observed a minimal image plane movement (Figure, o
8) as oppposed to a relatively large arm movement (Figure
9). These results further prove the quality of our Jacobian
estimation. [11]

VI. CONCLUSIONS

We have described the implementation a 3D reachingy
controller. Our solution integrates an open loop and a dose
loop phase. The former improves the action velocity a||OWﬁ13]
to initiate a reaching movement when the hand is not visible.
The latter employs visual feedback to improve precision.

The robot autonomously acquires the required sensor)f-M]
motor transformations without prior information about the
kinematic structure of the robot. The only simplification [15]
was the use of a color marker to visually localize the hand
of the robot. Our assumption is that the hand localizajig)
tion/identification is a separate problem that is alreadyesb
when the robot starts learning to reach. (see for example it 7]
[17], [18]).

The proposed learning strategy allows autonomous estii8]
mation of the forward motor-motor map and of the eye-to-
hand visual Jacobian. The estimation of the Jacobian is is

fully autonomous and does not impose any constraints on
the number of the degrees of freedom that are actuated.
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