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Correspondence

Image-Based Robot Task Planning and discussed in [12] from both the computational and robustness points
Control Using a Compact Visual Representation of view. The closure of the control loop at the image level is made
by matching visual feature appearance against a target one: such a
Carlo Colombo and Benedetto Allotta visual error is conveniently mapped into camera motion commands

according to a linear 2-D/3-D transformation [13]. Besides feedback,
the visual error signal can be based on feedforward information
i : : .~ derived from the specification of the task at hand. Although the issue
control of both reflexive and purposive visual tasks. The approach is . . . .
based on the bidimensional appearance of the objects in the environment of building visual servoing systems based on image feedback has
and explicitly takes into account independent object motions. A linear been addressed by many authors, the problem of how to generate and
model of camera-object interaction is embedded in the control scheme, use feedforward information in visual servoing has not received the

which fdra_mmatlically simplifies visual danaly_zis ar?d _Conltro' by re_ducinfg H‘e same attention. Yet, exploiting feedforward can significantly improve
Slze Of visual representatlon. We describe the imp ementation of three System perfOI’mance.

visual tasks of increasing complexity, obtained with the proposed scheme . .
and based on active contour analysis and polynomial planning of image [N this paper, we present an approach to the design, control and
contour transformations. Both simulations and real-time experiments composition of elementary active and reactive visual tasks. Such an

with a robotic eye-in-hand configuration are discussed, validating the approach has evolved from an earlier theoretical framework called

approach :n terms Ofdmbusme.ss a”dd ?\ppl'cab'“%’ to visual navigation,  5¢fine visual servoing (AVS). One of the distinguishing features of
active exploration and perception, and human-robot interaction. . s : . X )

Ve exploral percept ! ! ' AVS is the combination of differential control with an affine model

_Index Terms—Active and real-time vision, task specification and plan- of camera-object interaction for the design of relative positioning

ning, vision-guided robotics. tasks of a robot w.r.t. fixed and planar objects by means of visual

information. AVS steers the 2-D visual appearance of the objects via

|. INTRODUCTION feedforward and feedback sensori-motor strategies involving object

fixation during task execution [14]. The approach presented here,

A _combination of SENsory processes and mptor cqntrol actions Serred to as Extended Affine Visual Servoing (EAVS), improves
required for a robot vision system to execute its assigned task. 'II S in several directions. First, in order to enlarge the set of

S|mple?t V|stual t?.Sks carr: be reg?rdedtgs reactive ftlranstJtrma}tlonls, J%?%Iication scenarios of the system, the fixation constraint is removed
perception to action, where motor actions are reflexes o visua objects are allowed to move in the environment; the resulting
?/Stem architecture has applications in landmark-based visual naviga-

[1]. One step of complexity above reactive tasks are active tas
ion, active exploration and perception, and human-robot interaction.

which use ana priori knowledge and representation of the visu
environment for the purposive planning of visuo-motor Str"’“e‘:‘ll%ﬁecond, the intrinsic representation ambiguities and task singularities
ich arise due to the affine model of camera-object interaction

[2], [3]- Active visual tasks usually rely on the underlying executiogv
e pointed out, and methods to cope with them while keeping the

of lower level reactive tasks to provide the necessary amount
agvantages of linearizing interaction are devised. Third, a mechanism

Abstract—In this paper, we present an approach for the design and

knowledge about the visual environment. Consider for example t

task of catching a moving object [4]: reactive wracking of Objecftor task layering is expounded, enabling to stack elementary tasks

motion is requir_ed during the purposive_positior_ﬂng of the_ graspir%e above the other hierarchically for the design of complex tasks.
tool w.r.t. the object. The problem of the integration of multiple tasklgourth the system has been implemented and experimented using a

Is of key importance for the design of active vision systems and f%anipulator-mounted camera and active contours as image primitives.

more gener_al robotic sy_stem_s as well [5]. A general framework fcﬁ}e results obtained demonstrate that the system is robust w.r.t.
the integration of reactive visual processes where the problem rﬂodeling uncertainties and difficult operating conditions.

the hierarchical organization of control processes is addressed, wag, paper is organized as follows. Section Il discusses the main

presented recently in [6]. ; ; ;
theoretical (modeling and control) issues of the EAVS approach.
In the last two decades, much work has been done on the de tion Ill illustrates the implementation and combination of three

of arc_hltectures for closed loop wspn based robot (_:ontromsmal different visual tasks. In Section IV they are shown results of
servoing[7]-[9]. For both technological and theoretical reasons, in

P . . ) experiments with an eye-in-hand robotic setup. Finally, in Section V
nearly all existing visual servoing systems camera motion commary i{)major contribution of the work is summarized and future work
are issued to a high sampling rate robot position controller [10]. A

. S . outlined.
modern approach to visual servoing is to close the visual loop at
the bidimensional (2-D) image level instead of at the 3-D work-
space level, so as to reduce the system sensitivity to modeling
inaccuracies and estimation uncertainties [11]. Which kind of image _
features—points, curves, regions, etc.—to use for visual servoinghs Overview
Manuscript received December 22, 1995; revised January 7, 1997 andig- 1 illustrates the main funCtional_bIOCkS used in the EAVS
June 21, 1998. approach for the control of elementary visual tasks. In the following,
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Fig. 1. Control scheme for an elementary visual task.
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Given a model of camera-object interactionyiaual representation  3-D Estimation and Updating:The interaction matrix has time-
{s,d} can be defined where, at each time(t) is anm-dimensional dependent entries related to the current camera-object relative geom-
parameterization of the object’s visual appearancedatids a set of etry; these entries are estimated at startup and updated at run-time. As
n image differential parameters which describe 2-D changes of imaige the camera parameters, the estimation accuracy of the entries of
appearance caused by the 3-D relative velocity twist of camera aheé interaction matrix is not critical, due to the presence of feedback
object. in the control.

Passive Tracking: The visual representation is estimated{asd} Composition of Visual TasksSince in the EAVS approach several
through visual analysis, according to a tracking process in the imatgsks can be executed in parallel, there is a danger of tasks issuing
plane, referred to apassive trackingSuch a process, which takesconflicting commands to hardware and computing resources. Such
place independently of camera motion, reproduces the covert atteanflicts can be resolved by organizing the tasks into a hierarchy
tional mechanism allowing humans to reallocate visual computatioriEsed on the processing time (or bandwidth) of the control processes,
resources without changes of viewpoint [15]. i.e.,, on the feedback gain of each task. With such techniques,

Camera-Object Interaction:Camera-object interaction is ex-slower tasks, working in more abstract reference spaces, provide
pressed in terms of the x 6 JacobianC encoding the differential the reference signal to lower level tasks. A similar mechanism
transformation from relative twisAV = V. — V,, to appearance takes place, at a different control bandwidth scale, in the layering

changes (interaction matrix): of proprioceptive and exteroceptive tasks [17]: the former, usually
simple PID’s, are considered as virtually instantaneous w.r.t. the latter
d= LAV, (1) in terms of loop time.

whereV, = [TZ 07]7 is the velocity twist of the camera andB. A Compact Visual Representation
= [T 27]" is the velocity twist of the object. So far, nothing has been said about choosing an effective visual
Task Specification and PlanningAny purposive (or active) task representation for task control. This is a key point in the design of a
is described as a target evolutia(r) of object image appearance.reg| time functioning visual task. A regulation-to-zero (no planning)
Such a task is specified in differential terms by a trajectlify and scheme for camera motion control based on the interaction matrix
suitable endpoint conditions. Reactive tasks lack a planned trajectgahcept is introduced in [11], whei@ = 5, i.e. n = m. As the
and are thus regarded as a particular class of active tasks, in wWhighe of £ (< n) is directly related to the numberx m) of visual

control always results in a pure regulation-to-zero scheme. features—mainly points and lines—used to represent an object, the
Control of Visual Tasks:Once the structure of is identified, the | se of such a scheme is limited to rather simple object shapes.
following strategy is used for task control: However, thanks to a careful modeling of the interaction, a compact
. ) N visual representation and task specification can be obtained where

Vo=V, + L [d+ke(3.3), (2)  control complexity is decoupled from shape complexity, i.e., where

: R n is independent ofr. We derive herein such a representation, and
whereV . is the required motion of the camert, is an estimate show in the next Section how to use it in the basic control scheme,
of object motion,e(s, 3) is an n-dimensional error signal derived thus augmenting regulation with a suitable planning strategy based
from a suitable comparison between the estimated object appearameecontour features and obtaining beneficial effects on loop time,
and the target oné; € [0,1] is the feedback gain, and™ is the stability, and task complexity.

6 x n pseudo-inverse of. Control law (2) ensures a zero steady- Let us refer to a pinhole camera with fixed focal lengthand
state error for a constant object motion. Afis properly tuned, optical axisZ. Let Z(X,Y) denote the object's visible surface in
position feedback compensates for various modeling inaccuracizsnera-centered coordinates, and= [« y]” be the perspective
(manipulator kinematics, camera-object interaction model, camera pasjection of a visible poin? = [X ¥ Z(X,Y)]" onto the image
rameters, finite differences approximation, etc.). Specifically, thangiane:

to the feedback loop closure at the image Ie\(el rather than |n. e= f/Z(X.Y)-[X Y]T. 3)
space, control converges even when the camera is poorly calibrated:

indeed, calibration affects more speed of convergence than stabilityrhe differential interaction between camera and object can be
(see e.g. [16]). The anticipation terti, is evaluated from (1) as expressed, at a generic image point, in terms of the 2-D motion
V., = V. — £*d, where the camera motion estimate is simply field »(x,y) = & arising in the image plane due to both surface
obtained from joint position sensor data. shape and 3-D relative speed. The motion field evaluatet:ag) =



94 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART A: SYSTEMS AND HUMANS, VOL. 29, NO. 1, JANUARY 1999

in the image, are the components of a translation 2-vector=

v(zp,ys)—the velocity of the centroid’s projectiomz—and a

motion parallax vectons = [div curl defl def2]” taking into
camera plane ~ account field deformations [14]. As for the motion field, we relate
the motion parallax to the camera relative twist through & 6
motion parallax matrixV s.t.w» = W AV, which evaluates as

object plane

p/e  gqfe 2/c 0 0 O

. |—q/c p/c 0 0 0 -2

W= plc —qfc 0O 0 0 0| )
q/c  ple 0 0 0 O

The motion field matrixVs = V(zs,ys), the motion parallax
matrix YW and the squaré x 6 matrix I/ s.t.

up = [vgw' ]l =U AV (8)

' ' ' _ ' are used in the next Section as interaction matrices for the de-
Fig. 2. Camera-object relative orientation parameters. sign of visual tasks. Whet{ is used, a one-one correspondence
is established between the six degrees of freedom describing the

F(x,y) AV, where the2 x 6 motion field matrixin (4) shown at the appearance evolution and those of relative camera-object motion.
bottom of the page, is obtained by expressihgn terms of relative The linearization above allows a compact (minimal) representation
twist and position and using (3). The dependency of the motion fidi®l be used for differential interaction, this being evident from the
matrix on image coordinates is obtained, for a given image projectisfall dimensions oVs (n = 2) andW (n = 4). Moreover, as: is
model, from assumptions on the shape of the visible surface [18lgarly independent of., control complexity is decoupled from shape

Using a perspective camera, the motion field matrix associated t6@nplexity the same could not be achieved with a full perspective,
planar surface non linear interaction model such as the one used in [11].

Z(X,Y)=pX+qY +c (5)

. . . . . - Ill. DESIGN OF VISUAL TASKS
is a quadratic function of image coordinates. Indeed, by combining (3) . . ] ] ] )
and (5), it is easy to show that *(z,y) s.t. 2(fX/Z, fY/Z) = Z The interaction matrices defined above have been used in the design

is a linear function of image coordinates expressing the reciprocal%ﬂd impleme_ntati_on of three differ_ent visual tasks; their c_haractgristics
object depth directly in terms of plane coefficients. Let us assurR&® Summarized in Table I. The first two tasks are reactive, while the
now that /=2 + y2 < f at any image projected point Such a third one, _whlch also_contalns a pIanmng_ strat_egy, is active. The
condition is met either in narrow field of view cameras, or—witt{aSks are introduced in order of complexity, this being related to
wider fields of view—if transverse object dimensions are small w.r §omputational burden and bandwidth, initial conditions and type of
its depth, i.e./XZ+YZ < Z/5. This assumption allows us to OPI€Ct representation required.
neglect quadratic terms in (4), and obtain a new motion field matrix
V(e y) A. Task Specification
—F/x(z.y) 0 zfe 0 —f oy Fix.ation Pursuit.: The §imp|gst .task. is a fixation pursuit, i.g., the
= 0 —f/(xy) yle F O —x _tracklng of an quect point. leatlo_n is one of the most basic tasl_<s
©) in the human visual system, allowing one to concentrate the major
part of visual resources in the processing of foveal data, and to keep
which, as far as interaction with planar surfaces is concerned, igh@ high resolution fovea centered on the object of interest, while
linear function of image coordinates. The interaction linearizationising the image periphery for attentive processing and monitoring
is also extended to nonplanar surfaces, provided that the surf§t®]. The importance of doing fixation in active vision systems has
has one principal inertia moment at least ten times the other twalteady been emphasized in several recent works [20], [21]. The
thus allowing to define an approximating plane, referred toldsct object centroid is chosen as a fixation point, whose 3-D tracking
plane As shown in Fig. 2, the object plane has equation= 0 can be accomplished, as a result of our linearized interaction model,
in an object-centered frameX,, Y., Z, } fixed to the visible surface through a simple 2-D tracking of the imaged object centroid. Indeed,
centroid [Xp Ys Zg]' and having itsZ,-axis aligned with the due to linear approximation, the latter coincides with the projection
major inertia axis. of the 3-D visible surface centroid. From (6) it is apparent that,
Thanks to the linearization above, the 2-D velocity at any imagender fixation, a constraint is determined among the translational
point is linear w.r.t. image position. Hence, the dynamic evolution @nd rotational relative speed components parallel to the image plane:
any image patch enclosing the object has six degrees of freedom, thre@AQ, AQ,|T = [AT, —AT,]T. As a result, to all tasks which
describing rigid motion (translation and rotation) of the whole patchrun slower” than fixation, the number of independent camera degrees
and three describing patch shape changes (isotropic and nonisotrapitreedom is reduced from six to four, thereby further simplifying
deformations). The parameters, time-dependent and spatially consthatinteraction matrices.

_[=f1z 0 w/Z  wy/f  —(f+?/f oy

Flay)y =17 ~f1Z y/Z (F+9*/)  —wy/f —a @
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TABLE |
SPECIFICATION OF THE THREE TASKS

TASK SYNOPSIS lization Pursuit | Reactive Tracking | Active Positioning
Initial Conditions {x?} {9} {9}, {xF}
Visuwal Representation {@,.v,} Hebuy,} Ha '} uy}

Task Description z,=0 {z,(1)} = {20} {&2,(T)y = {2/}
Interaction Matrix Vs U U

Task Type reactive reactive active

Reactive Tracking:With the term reactive tracking we refer tothe quality of all visual measurements (visual representation, object
a visual task in which an object is tracked by active movementsotion), simple IIR filters are used.
of the camera instead than by the pseudo-attentive movements usdditializing and Updating the Interaction MatricesThe interac-
in passive tracking. The goal of reactive trackingtésreproduce tion matrix embeds, in the object plane coefficiepts; and c,
the motion of an object in the visual environmefihis kind of task information on 3-D relative camera-object pose and translation.
can prove useful in the design of human-robot interfaces (mimickifighe initial and run-time value of these parameters must be known,
human gestures has many applications for instance in teleoperatbrieast approximately, to improve the convergence of the control
scenarios), and also provide—by simply reading from encoders theheme. As shown in Fig. 2, relative pose is uniquely determined
3-D camera velocity—an estimate of 3-D object motion. A fixatioby the three angles € [0,7/2] (slant), € [—=,n] (tilt) and
point also exists for this task—indeed, the centroid’s speed in € [—=, 7] (azimuth), to which plane parameters are related as
constrained to be zero. However, this is generally a point of the= —tano cost,q = —tanosin7,¢c = Zg-(1—pas/f—qys/f)-
visual periphery, since the centroid’s initial position for this task is A raw estimate of initial object pose and distance is obtained by
not necessarily the image origin. Hence, during reactive tracking thesuming a scaled orthography model of camera projection [23], i.e.
direction of gaze does not necessarily coincide with the direction aflinearization of (3) holding accurate forg/f + qys/f:
attention, and the system is able to react to world changes with the
“ ” r— B tll tlz JYU
corner of the eye. { } = { } { A } 9)

Active Positioning: The active positioning task consists of pur- y—ys tor tax ] Yo
posively changing the relative spatial configuration (pose, distance)an estimate of{,;,} is easily obtained from the least squares
of the camera w.r.t. a still or moving object. As such, activgomparison of the current appearance of the object and pwiori
positioning is extremely important for the optimal execution ofnodel stored into memory, e.g. the frontoparallel view of the object
complex perceptive and explorative tasks in space, service agdnit distance and scale. Once this is known, figse) and scale

industrial robotics as well. The view transformation is driven by. 5re computed from the triplet-, o, ») solution of the non linear
the comparison between the initial object appearance and a targgliem o

object view. It must be present in a long-term memory of the system
and selected at startup. On the basis of the above interpretation of ti1 +to2 = A cos(T — @) (cosa + 1)
reactive tracking in terms of covert attentional shifts, we can relate t21 — tiz =\ sin(7 — ¢) (coso + 1)
the movements of the object’s visual appearance in the image to
corresponding “attentional movements” from one region to another of
image periphery. Better still, reactive tracking itself can be regarded 21 +tiz =X sin(7 4+ @) (coso — 1) (10)
as a particular case of active positioning, where the final appearanche

of the target coincides with its initial appearance, thereby simp ere)\.: f/z(wB.’ ys)is an |sotr.op|0|mage scaling factqunvgrsgly
. . . . : roportional to object depth. Notice that all perspective linearizations
requiring the extraction of the target object view directly at start

from image data and not from memory |?1trod_uc_e a pose ambiguity, i.e., two dual solutions exist to (10), as
' two distinct object poses++, o, ) and(r + w, o, ¢ + ) for scaled
orthography—share the same visual appearance. To disambiguate the
pose, one has to refer back to the full perspective model, and choose
) ] ) ) as the “true” pose the one providing the best least squares fit against
Passive Tracking and Feedbackio estimate the current visualjnage data [24]. Thus far parameter initialization was addressed. At
representation of the opject (V|_sual appearance and differential Paraili-time, pose and distance parameters are obtained by combining
eters) we use quadratic B-spline active contours [22]. These explgjt cyrrent estimates—derived from (1) using the differential mea-
a Kalman filter to robustly track affine deformations of a templatgurement and AV—and their predicted value—obtained using
contour, and allow to compactly represent object shape—small valygsia differences and expressingq, ¢, as functions ofy, ¢, ¢, and
of m for a fixed shape complexity—in terms of a set;} of M Ay g5 expounded in [14]. o
C%‘tml points and associated spline basis functipfis: z(s) = Planning and Control: A planning strategy is used to produce a
Tiz1 fi(s) @i, s € [0,1]. Active contours are used to estimate thgje\ynoint shift (pose, translation). Such a shift is associated with
affine _transformatlons related tp deformations _of visual appearangg. accordingly smooth change of the object's visual appearance of
The six parameters of the affine transformation between two y,ration7 from an initial contour{z’} to a final desired contour
successive contour estimatds; (1)} and{&;(¢ + 1)}, are obtained .71 The mapping “in the large” between these contours is evidently
via least squares. The feedback error (centroid, shape) is evaluajgghe
analogously, from the least squares matching of the target visual
appearancez; }. against{z; }, the estimated appearance. To enhance ! —zh = Ar(z) —z%) (11)

t11 — taz = cos(T + ¢) (cosa — 1)

B. Implementation
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as the result of a sequence of affine transformations “in the small.” BOoAmeo g WEE g e
The automatic generation of the target view is trivial if a CAD model @) (b)

of the object at hand is available. Should it not be the case, the targ_et 7 ¢ biect relati d duri i d five tracking (2)
. A : . PR o1l ayis amera-opject relative spee: uring active and reactive tracking (a,

view can be obtained ina S|mp]e way from the.knowledg.e of 1.) initi anslations and (b) rotations.

relative pose, 2) relative pose in the final (desired) configuration, an

3) initial view. The reference contour evolution is planned according, Task Composition

to a trajectory for each of the control points, which is polynomial

(degreef > 1) in time and linear in the image space so that eac%r testing elementary visual tasks and their composition. In Fig. 4,

contour point follows a linear trajectory through the image, with fhe left window shows the current view of the object plane (featuring

speuﬂg speed profile (Fig. 3). The pglynomlal c.onstant.s. mqst %e and holding a box), together with the associated active contour,
determined based on boundary conditions. A basic condition is that. . - . .

. ; S .~ while the right window shows a target object appearance as required

the contour evolution starts with the initial contour and terminates . N . . i .

with the desired contour. Additional constraints on the polvnomi r active positioning. Simulations are carried out with a focal length
) POy = 18 mm, and an object speétl, = [1.8 3.6 5.4]7 mm/steps

derlvatlve_s can be |r_nposed at the trajectory eno_lpomtg With 3, and £2, = [0.01 0.02 0.03]" °/steps. The initial configuration is
thus providing beneficial effects on contour tracking, visual analysi - e ~ano T o
" . clQ) = 21 600 mm, ¢(0) = 60°,7(0) = 30°,¢(0) = 150°,
and camera velocities and accelerations at the expense of a slower r . . ’
) . : . ; while the target configuration has parametef®) = 16 200 mm,
of convergence. Smooth trajectories are obtained with cbie 3) , o o o i,
or quintic (h = 5) polynomials by imposing zero endpoint velocit o(T) = 30°, 7(T) = 60°, o(T) = 150°. Position measurements are
ang accelelragoon poly Y Imposing P Ysmoothed using an IIR filter with gail,™ = 0.05, while the IIR
) . . yelocity filter gain isk!™ = 0.005.
The smooth pose Sh.'f.t produced by the pla_nnlng strategy can D& esults for a sequence of 750 steps are shown in Figs. 5-7. In the
reprgsente_d as a curvilinear path on a semls_phere o all poss |r|set part of the sequence (steps 0-250), the fixation pursuit task is
relative orientations between camera and object plane. As it I

S : . . .

planning always produces, out of the two dual pogksand ¢ et t_o run alone, with a feedback galn.setltb 0.2 producing

- . . - : slightly underdamped system behavior. Fig. 5(a) shows that after
sharing the same goal appearance under linearized interaction, the T " . -

S A . less than 250 steps the initial position error of Fig. 4(a) is completely

one which is closer to the initial pose moving along a geodes|c¢

path on the semisphere—let us @y In order to reach the farthest (raerrcgrv?wrae:ladglivxt/zrttir:\?;?eeﬁzzoﬂg:gg dfe[se::asik QSa('Q);] tf)]Aem\a/relgtc; Yy
pose @', it is required to split the pati? — Q' in two parts, 9 9 : P

. 50, while fixation pursuit continues running, an active positionin
P — O and O — @', and to pass through a suitably scale ! P 9 P 9

frontoparallel viewO. Note that the frontoparallel pose correspond ask is started attempting to change the object view as in Fig. 4(b)

N A . ased on a cubic contour planning. This provides an example of
to the sole control algorithmic singularity, in that the determina o . e o
. . . S ask layering: as the active positioning feedback gain is less than the
of W vanishes identically fop = ¢ = 0. In order to avoid ill-

T . . POS _ ()¢
conditioning and arbitrarily large desired camera speeds around H?(atlon gain by one order of magnitudé™” = 0.02), the system

e
frontoparallel configuration, the control loop is opened whenever t

%)bally executes amctive positioning task w.r.t. a fixated moving

- = . object The positioning strategy thus consists in suitably commandin
slant angler = arctan(y/p? + ¢?) is estimated to be smaller than ) P 9 9y y 9
five degrees.

A simulation environment running under X Window was developed

camera translatioff’. and cyclotorsion(2. through the control of
motion parallax, using a simplified motion field interaction matrix.
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Fig. 8. An active positioning session. Workspace and image plane are shown. The monitor upon the table displays the current scene as seen by the camera.

Fig. 6 shows the 3-D relative orientation and distance error for timmber of control points of the B-spline contour. The computation
task, obtained from the comparison of current and target caméirme when using 10 control points is less than 100 ms, allowing
frames{z, 7, k} and {3,}',1&}. An overall orientation error is also sampling timeT: to be equal tod T;. A “fast” communication
evaluated as = 15 fAT+iAT+HEA IZ:] according to the formula process maintains the handshake with the MARK III controller by
introduced in [25]. The target configuration is computed with an erréetting the most recent velocity twist setpoints generated by the
of within a few degrees (orientation angles) and millimeters (relativégh level “slow” process be available in a mailbox. A typical
distance). It should be remarked that although the 3-D position aimferaction session with the system is illustrated in Fig. 8. The
orientation errors are calculated during the simulation, they are rfigure summarizes the execution of an active positioning task w.r.t.
used for control purposes. The sole feedback used in the contoplanar object (a book upon a table). They are shown: the ini-
scheme comes from 2-D image data. Fig. 7 shows the relative spéall relative configuration (top left); the target image appearance
of camera and object. Due to the cubic-based planning and to a gdtmp right); initial and target contours, and an intermediate planned
tracking and filtering of the object’s independent motion, the relativeontour (bottom left), and (bottom right) the final configuration
speed profile varies gracefully, with gradual relative accelerationsached.

and decelerations. Also notice that, since the fixation pursuit task isin order to assess the convergence and stability characteristics
still under execution, relative translations and rotations are relatefithe control scheme and tune up control parameters, the scheme
according to the fixation constraint [see Section IllI-A]. When, aftdbr active positioning, which is the most complex of the three, is
step 250, the goal of planning is reached, the active task degenerdesomposed into its main “modes,” which are tested separately. In
into a reactive tracking task, thus ensuring (steps 500-750, see agiaimeasing order of complexity, we have the modes:

Figs. 6 and 7) that the new relative configuration of camera and objecOutput Regulation: This mode, which can be used to properly set

be properly maintained. the control gains in order to have stable behaviors is relative to no
planning (i.e.s = s(T) andd = 0); the system has to move simply
IV. EXPERIMENTS WITH A ROBOTIC PLATFORM from an initial configuration to the target one. In this case, the camera
velocity commands derive from the 2-D position error between the
A. Setup and Operating Modes target and the current contour configurations.

. . . . Servoing: In this mode, only the planned feature evolutigft)
Experiments were performed using an eye-in-hand robotic plat- - N .
form. The hardware setup consists of a PUMA 560 manipulator wilh provided for fe_edback error. estimation, .Wh"e the feedforward
MARK 1l controller equipped with a wrist-mounted camera and speed command is kept to zefd = 0). This is used to assess the

PC equipped with a frame grabber and a graphic accelerator. The?ﬁfkmg performance of the contrql ?Cheme’ as the system is forced
) compensate the feedback eregs, 3).
features a 80486-66 MHz processor. Concerning the software, {R A .
. : lanning: This is the normal mode, corresponding to the
MARK III controller runs VAL Il programs and communicates with . . .

. . . .chpIete scheme. A considerable improvement w.r.t. servoing (no
the PC via the ALTER real-time protocol using an RS-232 Sel’lffla is obtained bv reintroducing the feedforward teflﬂ) in
interface. The ALTER protocol allows us to modify the CarteSiaﬂ‘lge)control y 9 /
setpoint of the robot arm every 28 ms. Due to the computationa '
cost of tracking algorithms, a multirate real-time control has been
implemented. New velocity setpoints are generated by the PC with Results
a sampling ratél> = N Ty, whereTy = 28 ms is the sampling  Results on three different kinds of experiments are reported, the
rate of the ALTER protocol andV is an integer, depending on thefirst two of which address robustness issues. The first experiment
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TABLE I
ROBUSTNESS TOVARIATION OF OPERATING CONDITIONS
ORIENTATION KRROR Starting Slant (degrees)
Starting Dislance (mm) 10 20 30 10 a0 60
400 0.05132 | 0.04746 | 0.03759 | 0.05570 | 0.06342 | 0.09652
550 0.10385 | 0.07223 | 0.05352 | 0.04976 | 0.05498 | 0.09795
700 0.03820 | 0.03870 | 0.04443 | 0.03942 | 0.057858 | 0.10006
850 0.06157 | 0.01822 | 0.027941 | 0.03732 | 0.05965 | 0.11385
1000 0.05930 | 0.02494 | 0.03242 | 0.04781 | 0.06572 | 0.09992
1150 0.06929 | 0.03537 | 0.03327 | 0.07276 | 0.06937 | 0.11009

orientation error surfuce —— Orientation Error (|je]f) Forward Canera Franslation (1))
0.103 T T T

T B T T T T T
regulation —
servoing —
planning —

0.0926
0.082 ——-
00713 -~
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00501 -
0.0395 -
00288 —

regulation
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§ N
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Fig. 10. Comparison among regulation, servoing, and planning modes (a)
orientation error and (b) forward camera translational velocity.

0075 +

0os g

NN N . between 0.6 and 6. Concerning depth errors, these are by far less
e > critical than orientation errors, due to the fact that the orthographic
N : : scaling model used embeds depth more accurately than orientation.
To better understand how distance and slant affect system behavior, a
3-D orientation error surface was created, with accuracy data plotted
e  against initial conditions (Fig. 9). The figure shows a plateau, located
approximately in the middle of the plot, where the orientation error
reaches a minimum; the error is maximum for large initial slants, and
suring stant (degy it 1S @lso quite large for small slant values, especially at intermediate
distances. The performance variations related to the slant are easily
interpreted by recalling that the slant value affects both (thrqugh
and ¢, see Section Ill) the conditioning number of the interaction
matrix used for control, and (throughi, Y, and Z, see Section III)
the condition of validity of the interaction model itself. As the slant
is devoted to test the performance degradation as a function i¢reases, control conditioning improves but interaction becomes
operating conditions. The second experiment features the comparigonlinear. On the other hand, the linearity condition gets better with
among the three different operating modes and accounts for ihereasing distances, but at the expense of a degradation of run-time

400

~ 30
700

starting distance (mn) 1000

Fig. 9. Orientation error surface.

relative robustness of such schemes. The third experiments provittegge estimates s (t)—see Section |ll—due to a decrease in image
a further insight into system behavior in the execution of an activesolution. The results show that system behavior is quite stable w.r.t.
positioning task. operating conditions, with errors which are typically a few percent

Robustness of Modeling and ControTo test robustness in a wide of the overall position change.
range of operating conditions, the system is run in planning mode onStability and Scheme Compariso# comparison among the three
36 different active positioning tasks. All tasks involved use the eyeperating modes presented in Section IV-A is illustrated in Fig. 10.
in-hand system of Fig. 8 to approach the object upon the table startifig. 10(a) shows the time dependence of the orientation error and
from different initial camera-object distances and slant angles. TR&y. 10(b) shows the compon€n; of the camera translation velocity
target configuration was generated with the rule for a relative positioning task. The task to fulfill is to reach a target
orientation and distance of the robot camera w.r.t. a still object
IV starting from a given initial relative pose while maintaining always
target slant= 20" + initial slant fixation on the object centroid. The initial slant angle and distance
to ensure a constant overall position change in each trial. Tableate about 10 and 1.15 m, respectively, while the final values are
reports on positioning accuracy measured in terms of the overalX and 0.4 m. The trajectory between initial and final configurations
orientation error defined in Section IlI-C between ground truth data planned as described in Section IlI-B using quintic polynomials.
and the actually reached relative configuration. This error varid®e duration time for the servoing and planning mode was 50 s.
between approximately 0.01 and 0.1, thus meaning an angular effbe same feedback and image data filtering gains, experimentally

target distance=0.75 - initial distance



IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART A: SYSTEMS AND HUMANS, VOL. 29, NO. 1, JANUARY 1999
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Fig. 11. Planned, control, and servo invariants for the servoing and plannfi§- 12- (8)—(b) Camera translational and (c—d) rotational velocities. (a) and
modes. (c) servoing mode and (b) and (d) planning mode.

dngge is more sensitive than servoing mode to 3-D interaction data

to obtain a slightly underdamped behavior, as it appears from tﬁEe entries ofC). Indeed, as the feedforward term is dropped out

slowly vanishing oscillations particularly evident in the case of pur% er .75 s, only thez-compqnents of trf;nslatlon’al and rotational
regulation. velocity are aImqst zerp, while thﬁr, T,,,, and(, compon.ents
The regulation scheme, which exhibits a behavior closely similar f§ camera v_elomty twist are stll_l_above zero, thus meaning that
the one described in [11], is as fast as the planning scheme but sh6 S gntlupatlon has left a position eror to be recovered after
a slower convergence due to underdamping and model inaccuraciea"ng-
Gain undertuning would be required in this case to obtain an accept-
able damping. However, due to the limited number of bits used to
represent robot commands, the reduction of feedback gains can oftelm this paper, an approach for the control and layering of vi-
result in no motion of the robot thus yielding considerable errorsual tasks has been proposed. Simulation and experimental results
The servoing scheme, which does not use feedforward informati@iemonstrate that exploiting changes in the visual appearance of
shows worse performance compared to the other two schemes indbgcts allows an easy design of elementary visual tasks, which
transient. However, it excites smaller oscillations of the system, thoan then be hierarchically stacked one above the other to yield
reaching an acceptable error faster than pure regulation. The planmmgre complex tasks. System complexity and time efficiency are
scheme shows the best orientation error performance of all the thggeatly enhanced by introducing linear models of camera-object
schemes, and achieves a fast and smooth completion of the tasteraction, in that both visual analysis and control are simplified by
Such a good performance requires from the robot actuators veloditg resulting reduction of the size of visual representation. We have
resources similar to those required by the servoing mode and madso suggested a procedure to deal with the intrinsic ambiguities and
lower than those of the regulation mode. singularities which arise due to such a reduction of representation.
An Active Positioning ExperimentTo gain an insight into the two The natural applications of the proposed architecture are in the
basic system operating modes—servoing and planning—, the resfiktéds of visual navigation, active exploration and perception, and
for the positioning task of Fig. 8 are reported. Fig. 11(a) shows tifiwiman-robot interaction.
planned differential evolution of image shafi®): the task here isto  Future work will address two main issues. First, adopting suitable
displace the camera so as to reach an optimal configuration for readigghniques to augment the degree of autonomy of the system. For
the book’s cover, so that the system is required to approach thstance, object recognition/location techniques could be used to
object (positive divergence), rotate clockwise around the optical axdgoid manual contour initialization, and adaptive tuning of system
(negative curl), and slightly decrease the slant toward a frontoparalieirameters could help avoiding to set up manually control gains. Sec-
interaction with the object (nonzero divergence terms). ond, improving the strategies for singularity treatment and ambiguity
In the tests, the gains of the filters as well as those of thiemoval. Specifically, we plan using a perspective approximation to
feedback control term are tuned experimentally and are the saatsure that the frontoparallel configuration be not singular.
in the two experiments. To further stress the stability characteristics
of the systems, the interaction matriX is initialized at startup
but not updated at run-time. Fig. 11 also shows the differential
invariants generated by feedback (servo invariaktsg) and the

tuned, were used in the three cases. The tuning was made s

V. CONCLUSION AND FUTURE WORK
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