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Abstract quickly and easily integrated. This framework must be able
Visual servoing is a manipulation control strategy that to take advantage of the benefits visual servoing provides,
precisely positions objects using imprecisely calibrated specifically the ability to control manipulator motion using
camera-lens-manipulator systems. In order to quickly andhigh bandwidth visual feedback, while avoiding the pitfall
easily integrate sensor-based manipulation strategies suctof being dependent on a particular visual sensor hardware
as visual servoing into robotic systems, a system frameconfiguration. The proper framework will allow the integra-
work and a task representation must exist which facilitatestion of any of a number of visual sensor hardware configu-
this integration. The framework must also be extendablerations, such as monocular camera systems, stereo pairs
so that obsolete sensor systems can be easily replaced (with varying baselines and verging angles, multi-baseline
extended as new technologies become available. In thistereo systems, and laser rangefinders. The framework
paper, we present a framework for expectation-basedshould also facilitate the integration of visual servoing with
visual servoing which visually guides tasks based on theother sensor-based manipulation strategies.
expected visual appearance of the task. The appearance ¢ In its basic form, image-based visual servoing is a purely
the task is generated by a model of the environment thareactive manipulator motion strategy. The objective of the
uses texture-mapped geometric models to represencontrol system is simply to make some set of measured fea-
objects. A system structure which facilitates the integra-ture states defined in the camera’s sensor space match some
tion of various configurations of visual servoing systems isset of desired states defined in the same space by moving
presented, as well as a hardware implementation of thethe manipulator. In order for the execution of a robotic task
proposed system and experimental results using a stereto benefit from the advantages visual servoing provides, a

camera system. representation of the task based on some model of the envi-
ronment must exist. This representation must be capable of
1. Introduction effectively directing a visually servoed manipulator.

In this paper, we propose a framework for visually ser-
voed manipulation that uses an expectation-based approach
to task execution. Visual servoing is used to aid in the
manipulation of known objects existing within an impre-

Visual servoing is a robust technique for guiding a
manipulator through an uncertain environment using
poorly calibrated camera-lens-manipulator systems. The

techniqgue employs a differential view of the world in ' . ) . .
which only small scene changes between image frames arC|sely calibrated and dynamically varying environment.
The camera-lens system as well as the manipulator affect-

assumed and compensated for by any of a number of prc, I ioulation task d 10 be i isel
posed control techniques. ing the manipulation task are assumed to be imprecisely

The most important disadvantage of visual servoing iscalibrated. The objects being manipulated may be subject to

the complexity it adds to robotic systems that are oftenS0M€ ””.““OWT‘ d|s_tgrb_ance. Because we are concgrned
already too difficult and expensive to effectively use. with manipulation, it is important that strong geometrical

Visual servoing is highly dependent on specialized hard_representations _Of the obj_ects being manip_ulated exi_st.
ware that is constantly evolving into faster, cheaper, andBeca_use most visual servoing systems use \_/|sual tracking
more robust sensing systems, resulting in systems that aralgorlthms base_d on grayscale features, 'F Is important that
difficult to extend. The implication is that any visual ser- the representation of the task also contains knowledge on
voing implementation quickly becomes obsolete as neWthe visual appearance of the tas_k. Therefore, we propose the
technology surpasses the capabilities of the current harduse_Of texture-mapped geometric ”.‘Ode's as the basis of our
ware implementation. enqunment m_odeI._From this _enwro_nment model we can
These facts point to the need for a general frameworkthen infer manipulation strategies using assembly planners

within which visually servoed manipulators can be which operate on the geometrical information provided by
the models. We can subsequently guide the manipulator by



guiding visual servoing strategies based on the current ani’
desired visual appearance of the task. By adhering to prin
ciples of reconfigurability, and by using a low-level recon-

figurable real-time architecture, we have developed an
extendable framework for visual servoing based on an
expectation-based approach to sensor-based manipulation

Real World

2. Previous Work in Visual Servoing

The visual servoing field was first well defined by Weiss
[30], though previous researchers have considered fas
visual feedback for guiding manipulator motion, for exam-
ple [26]. Since the work by Weiss, two types of visual ser-
voing configurations have emerged, eye-in-hand )

servoed manipulators.

configurations and static camera configurations. Eye-in- o .
world state are maintained. This significantly reduces the

hand visual servoing tracks objects of interest with a cam- ber of hvboth that b idered when det
era mounted on a manipulator’s end-effector [1][5][10][11] number ot hypotheses that must be considered when aeter-
mining the current state of the world based on sensory data.

[23][8][13][31]. Static camera visual servoing guides Nei L f the h ; tual le” [22
manipulator motion based on feedback from a camera €ISSers view of the human ‘perceptual cycle [ ] as
Jain points out [17], is similar in many ways to a verifica-

observing the end-effector [18][20][4][12]. Most of this i tation based h Ei 5 sh d
past work has been with monocular systems, though stere 0" OF Expectation base ‘?pp“’,a‘i - Flgure £ S OWS,,a mod-
ified representation of Neisser’s “perceptual cycle.” This

systems have recently been used for visual servoinc,. i . . :
[19][12][15]. “figure illustrates our view of the relationship between the

model of the world, the real world, and where the visually
servoed manipulator exists within this scheme. The
counter-clockwise flow of information represents the cycli-
cal nature of the system; sensory data updates the environ-
ment model, which in turn guides the visually servoed
manipulator, which provides sensory data obtained from
the real world to the environment model. This cycle illus-
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Robots

~ontro
Directives

Figure 2. A modified “perceptual cycle” for visually

A typical visual servoing feedback loop is shown in
Figure 1. Differences between the various approaches tc
visual servoing include the space in which reference inputs
are provided, the dimensionality of the control space, the
structure of the controller, the physical configuration of the
system, the derivation of the control law, and the feature

tracking algorithms used. An excellent survey of recentt tes the int tion bet " f th Id
work in visual servoing can be found in [6]. rates ine interaction between perception of the world,

Some researchers have considered the use of high ban'actions taken within this world, and plans made about the

width visual feedback to aid in the manipulation of objects, world.

for example, [27][16][2]. These efforts have been more Our proposed integration O_f visually serv_oed robot; into
concerned with the visual tracking and calibration a:spectsSyStemS capable (_)f performing mampu!atlon tasks in the
real world uses this cycle to clearly delineate the flow of

of the problem rather than task representations and the . . .
extendability of system frameworks. information from the enV|ronmer_1t model to the_ ws_ually
servoed robot. By clearly separating the system in this way,
different types of sensor-based manipulation strategies can
Vision be more easily integrated into the system, because the
Systen internal representation of the task becomes clearly separate
from the hardware and low-level behavior-based control
Real World systems which perform actions and sensing in the real
world. The aim is toward plug-and-play kinds of actuation/
sensor components. In this paper, our interest is in the inte-

3. Expectation/Verification Approaches gration of a visually servoed actuation/sensing component,
and what the structure of the internal representation of the

An expectation-based approach to scene understandingask must be to facilitate quick and easy integration of
was first explicitly proposed by Dickmanns [7]. His work ;g4 servoing into the task.

is concerned with guiding autonomous mobile systems in _
rapidly changing environments, particularly autonomous 4. The Environment Model

vehicles and aircraft. Roth an_d Jz_iin propose a “verification- 5 key component of our modified perceptual cycle is the
based” approach to navigation in the world [25]. A key girycture and content of the environment model. In order to
point of both the expectation and verification-based proyide the system with the capability to reason about
approaches is that strong internal models of the recenpanipulation strategies for objects, the internal representa-

Figure 1. Visual servoing feedback loop.



tion must contain accurate three dimensional geometricappearance of the model. We refer to the dynamically
knowledge of the objects being manipulated. The internalupdated geometric models of objects as “servoed models.”
representation must also be capable of being correlatec The bottom loop is a typical visual servoing feedback
with visual information. This implies that some visual rep- loop as shown in Figure 1. The reference inputs to the
resentation of the task must exist internally. Texture feedback loop are provided by planning algorithms that
mapped CAD models are used to provide this visual repre-operate within the internal representation of the world.
sentation. This same representation can be used to providinstead of using an autonomous planner, a supervisor may
feedback to a remote teleoperator as in [9] and [14]. guide objects within the dynamically varying environment
model. Like most visual servoing researchers, we prefer an
5. System Structure image-based visual servoing approach, rather than a posi-
Our previous work in defining the sensor placementtion-based approach, to avoid calculating the inverse per-
measureaesolvability[21] compared various visual sensor spective mapping of the scene at each sampling period.
systems from a control standpoint in terms of the accuracyTherefore, we must provide reference inputs to our visual
of control. This measure quantifies the ability of various servoing system in feature coordinates. To do this, desired
monocular and stereo camera configurations to resolve thobject positions existing in the 3D internal representation
position and orientation of visually servoed objects. As dis- must be mapped into image coordinates using a simple per-
cussed in [21], the measure is easily extendable to othespective projection model of the particular visual sensor.
visual sensors including multi-baseline stereo and lasel
rangefinders. A key component of this measure, the Jaco
bian mapping from task space to sensor space, is also
critical component of our visual servoing control strategy.
Resolvability provides a shared ontology, that is a scheme
allowing us to understand the relationships among various
visual sensor configurations used for visual control. This
shared ontology provided by resolvability is a key compo-

5.1. Task space to sensor space mapping

Both servo loops require knowledge of the mapping
between motion in the task space and motion in the sensor
space. For any visual sensor configuration, we desire an
equation of the form

Xg = J@xg @

where x4 is a velocity vector in sensor space apd is a
nent of our expectation-based approach to visual servoing.\/e'O(_:Ity vectqr in task spagel(_cp) 1S the ‘_]acoblan matrix

Figure 3 shows a block diagram structure of the expecta-and is a function of the extrinsic and intrinsic parameters of
tion-based visually servoed system. The goal of the sy:stenthe V|su_al SEnsor as well as the number of features tracked
is to maintain a temporal coherence between the environ‘and their Iocatlo_nS on the image plane.
ment model and the real world using visual feedback and For the exp_e_rlmental “?5”“5 to be presented, an orthogo-

nal stereo pair is used. Figure 4 shows the coordinate frame

visual servoing. We assume that if this coherence is main-d finiti for this t f | fi tion. If th
tained the task is being properly executed, within the limits efinitions for this type of camera-iens configuration. €
axes are aligned as shown in the figure, the Jacobian map-

of sensor resolution. Two feedback loops exist in the sys-". X
tem. The top loop maintains a dynamic model of the envi-P'NY ffom task space to sensor space can be vyrltten as

ronment by servoing the positions and orientations of L T {sz +fﬂx_1 M
. e . Z Z, Z, V4 Z Z
objects within the environment model so that feedback el ol ol 5 o ? ol
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Figure 3. The block-diagram representation of the

proposed framework for visually servoed manipulation Figure 4. Task frame-camera frame definitions.



CCD array. In (2), we assume these parameters are identproposed in [29]. This feature selector assumes that the
cal for both cameras. The other terms in (2) correspond tchest features to track are features which have the strongest
Figure 4. omni-directional gradients, for example well defined cor-

Any of a number of camera configurations could be ners or small circles. One problem we have encountered
used. The difference from a geometrical standpoint comesduring feature selection is that exterior features are often
only with different Jacobian matrices. In [21], resolvability selected as the best features because exterior boundaries
is used to analyze the effects of different camera configuraoften exhibit strong gradients. Tracking algorithms are
tions on the accuracy of control. more prone to failure if feature templates are located near

. the exterior boundaries of objects due to background

5.2. Servoed modeling

The servoed model loop updates models in the environ: noise.” Because texture mapped models inherently main-

. . . tain the correct segmentation of objects, this segmentation
ment model through a recursive least-squares algorithm ir.

. . is used to avoid choosing features which lie near the exte-
which errors between the observed feature locations anc . .
. o . rior edges of the object.
the model feature locations are multiplied by a pseudoin-

. . During feature tracking, environment models are also
verse of the camera Jacobian (2). Model locations are thel - .
. . . : used to aid in tracking. Although the feature template used
adjusted in the internal representation to reduce errors

between the internal representation and sensory data, /for tracking is obtained from actual image data rather than

o . from the texture mapped model, correlations are periodi-
key aspect of servoed modeling is that different sensor con :
. ; . S . cally performed with the current feature template on the
figurations can be quickly and easily integrated into the

svstem simplv by using the approoriate Jacobian matrix model in order to determine if a particular feature template
y Py by 9 pprop " is unable to successfully track an object because of scale

5.3. Visual servoing control strategy changes or occlusions. If tracking performance decreases, a
The control strategy for the bottom loop is obtained new feature is selected using the most recent image.
using controlled active vision[23] and is of the form .
6. Hardware Implementation

arT Ol T

u(k) = -0 (9QIK + RO J (QIXK —xpk + D] (3) The expectation-based visually servoing framework has
where x(kOR?M, T is the sampling. period of the vision been implemented on a robotic assembly system consisting
system, u(k) = E(T VrZr @, @, wzfr is the commanded of three Puma 560’s called the Troikabot. The Pumas are
manipulator end-effector velocity, amdiis the number of  controlled using the Chimera 3.0 reconfigurable real-time
features being tracke@ andR are weighting matrices and  operating system[28]. An Adept robot is also used for pro-
allow the user to place a varying emphasis on the featureyiding accurate target motion for experimental purposes.
error and the control input. Extensions to this control strat- A Datacube Maxtower Vision System calculates the
egy and guidelines for choosing the matriQeandR can  optical flow of the features using the SSD algorithm dis-
be found in [24]. Again, new sensor configurations can becussed in Section 5.4. An image can be grabbed and dis-
quickly and easily added to the system by substituting theplacements for up to five 16x16 features in the scene can
correctd and by adjustin@ andR accordingly. be determined at 30Hz. Stereo system implementations
result in half the sampling frequency because only a single

5.4. Visual tracking of features 2 ) 4
digitizer exists on the Datacube. For the stereo system with

The measurement of the motion of the features on the™"2 : ) ; .
image plane must be done continuously and quickly. OurWh'Ch experimental results_were ob_tamed, visual servoing
method for measuring this motion is based on optical flow!S Performed at 15Hz while tracking ten features. The

techniques and is a modification of the method proposed ifV/SIon system VME communicates with the robot control-
ler VME using BIT3 VME-to-VME adapters.

[3]. This technique is known as Sum-of-Squared-Differ- : X e - )
The environment model exists within a Silicon Graphics

ences (SSD) optical flow, and is based on the assumptior _ ) .
that the intensities around a feature point remain constan!"dig02 Extreme. The robot simulation package Telegrip

as that point moves across the image plane. A more com!S Used for modeling and texture mapping objects. Unix
plete description of the algorithm and its original imple- sockets and the Chimera Enet protocol are used to commu-

mentation can be found in [24]. nicate between the Silicon Graphics machine and the robot

By integrating texture mapped environment models with controller and \_/i_sion system. The rate of communicatio_n
our visual tracker, we are able to use context-based visio?etWeen the Silicon Graphics and the robot controller is
strategies to take advantage of a large amount of previous|@PProximately 15Hz.
unavailable information. We use texture-mapped models in7_ Experimental Results
two ways: 1. during initial feature selection, and 2. during
feature tracking.

Our original feature selector was based on a technique

In order to illustrate how our proposed framework oper-
ates, an example of servoed modeling is shown, followed
by an example of an insertion task guided by a supervisor



within the environment model. Figure 5 shows images of ture in the visual representation. As can be seen in the plot,
the real scene and the visual internal representation of tha significant time delay is introduced due to the use of an
same scene from a single camera. The fingers of a grippeethernet link as a communication mechanism between the
mounted at the manipulator flange can be seen, as well asenvironment model that exists on the Silicon Graphics
texture-mapped rotor-stator motor pair. An Adept robot machine and the controller VME running Chimera. The
provides periodic motion to the surface on which the rotor-link introduces a delay of approximately 0.6sec into the
stator pair rest. The servoed modeling technique treats thservoed modeling feedback loop. The two plots show that
motion as a disturbance and updates the position of therelatively fast tracking speeds can be achieved, but latency
model accordingly within the environment model. Figure 6 causes significant error between the magnitude of feature
shows the 3D translational motion of the object. Coordi- errors on the image plane for the live image and the corre-
nate axes correspond to those shown in Figure 4. Maxi-sponding expected feature error obtained from the internal
mum object speeds of approximately 6cm/s were inducecvisual representation of the task.
and successfully tracked. Figure 7 shows the motion of a In Figure 8, feature trajectories are shown in which a
feature in the live image and the position of the same fea-supervisor guides the rotor into the stator after the rotor is
grasped by a manipulator. The supervisor guides the rotor
by clicking on its environment model with a mouse and
dragging the model in a plane within the visual representa-
tion of the environment. Visual servoing is used to main-
tain a temporal coherence between the environment model
and the real world. Two feature states are shown. The solid
line corresponds to the feature locations within the visual
representation. The dashed line corresponds to the same
feature in the live image. Again, the effects of latency due
to the ethernet link are evident, but relatively fast tracking
speeds are still obtained. The main limitation of the latency
Ei — . . inherent in the ethernet link is that the speed at which mov-

igure 5. A live image of the environment is shown of . . .

the left, and the corresponding visual representation ing objects can be grasped is reduced. We are currently

of the same scene as derived from the texture investigating techniques for reducing this latency.
mapped environment model is shown to the right. Finally, in Figure 9 feature templates from the rotor are
shown. The left template is the selected feature, and the

L S — right template is the corresponding feature matched on the
e It texture mapped environment model that contains informa-
AAAAAAAAAAAAAAAAAAA - tion concerning the location of the feature on the object
0T« Yt > and possible occlusions.
(m) 8o
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40 A . . K
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