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Abstract. Robotic systems require the use of sensing to enakibl@eperation in uncalibrated or
partially calibrated enronments. Recent vk combining robotics with vision has emphasized an
active vision paradigm where the system changes the pose of the camera t@ iemgronmental
knowledge or to establish and preseiv desired relationship between the robot and objects in the
ernvironment. Much of this wrk has concentrated upon the aetbbseration of objects by the
robotic agent. W address the problem of robotic visual grasping-{e-hand configuration) of
static and meing rigid tagets. The objecte is to mee the image projections of certain feature
points of the taget to efect a vision-guided reach and grasp. An adeptontrol algorithm for repo-
sitioning a camera compensates for the@agverrors and the computational delays that are intro-
duced by the vision algorithms. Stability issues along with issues concerning the minimum number
of required feature points are discussed. Experimental results are preseetég thenalidity and

the eficagy of the proposed control algorithmseWhen address an adaptation to the control para-
digm that focuses upon the autonomous grasping of a staticvimgrmbject in the manipulata’
workspace. Our wrk extends the capabilities of agezin-hand system pend those as a “pointer”

or a “camera orienter” to pvae the fl&ibility required to rolistly interact with the efronment in

the presence of uncertaintyhe proposed ork is experimentally ‘erified using the Minnesota
Robotic Msual Tracker (MRVT) [7] to automatically select object features, to @emestimates of
unknowvn ervironmental parameters, and to supply a conteatar based upon these estimates to
guide the manipulator in the grasping of a static ovimgpobject.

Key words: active and real-time vision,xgerimental computer vision, systems and applications,
vision-guided robotics.



1. Introduction

Current industrial manipulators $eif from inefectiveness due to their inability to
perform satisdctorily in a \ariety of situations. Current systems are ofteryv
brittle and &il due to changes in thev@ronment, the manipulatpor the sensors.
Typically, objects to be manipulated are required to appear in distinguished posi-
tions and at pre-defined orientations (often through the aid of fixtures), or are
required to maintain stringent speed, location, and orientation restrictions. If these
restrictions are not adhered to, then the systisWith no hope of reary via
sensing.

Flexible manipulation of objects requires the use of sensors in order to deter-
mine salient properties of the object of interest and the hotkspace. sion
sensors (e.g., CCD camerasyédaesolutionized the area of sendoased robotics
by introducing fl&ibility to conventional robotic systems [42]. The recent intro-
duction of ingpensve and &st real-time image processing systemsaalltor the
efficient integration of the visual sensory information in the feedback loop of a
robotic system. Ean though the robotic visual control area has drastically
expanded in the recent years, its main focus has remained the visual tracking of
objects by using the informatioratipered by static- or robot-mounted cameras
[2][11][12][15][31][39][40][45]. This work, while important in its results and
implications, has concentrated upon thevactibservationof the erironment,
leaving interactionas an issue for future research. In particaaly a small num-
ber of researchers [1][24][26][38] Y& proposed vision-based robotic systems
that interact with the etironment.

We propose a flgble system based upon a camera repositioning controller
operating under the Controlled Agati Vision framevork [31][34]. The controller
permits the manipulator to robtly grasp objects in theorkspace (see Figure 1).

The system operates in an uncalibrated space with an uncalibrated camera. More-
over, the proposed scheme ait® automatic planning andecution of all the
necessary actions in order to grasp an object. The object of interest is not required
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Fig. 1.Experimental setup.



to appear in a specific location, orientation, or depth, nor is it required to remain
motionless during the grasp.

In this paperwe first present the preus work related to both the camera
repositioning problem and the vision-based grasping problenxt, We briefly
discuss the visual measurements weetepplied to this problem, elaborate on the
use of “coarse” and “fine” features for guiding grasping, and discuss feature selec-
tion and reselection. &/then describe the application of the Controlled v&cti
Vision framevork to the problem of sesing and repositioning around adat
including a analysis garding the stability of the controlledext, an adaptation of
this control paradigm to vision-based grasping of objectsvengWé \erify the
operation of the system by presentingpe&rimental results using the MR [7]
system. The alidity of the control paradigm is firstalidated in gperiments
where the camera is repositioned with respect to a stagiettdhé then present
results from gperiments where the manipulator successfully grasps static objects
using a vision-based, closed loop control sgpatdroughout the grasping task.

We then &tend this vork to mwiing objects and present preliminary results of
using the vision-based control approach fecfmawing object grasping. Finally

we discuss the strengths and weaknesses of our approach, suggest required future
work, and summarize our results.

2. PreviousWork

In the ne&t sections, we present the wieis work in the areas related to this
paper First, we discuss related researdiore$ on the camera repositioning prob-
lem. We then reiew the prior work regarding grasping using vision sensors,
including releant background in visually-guided robotics.

2.1. CAMERA REPOSITIONING

The problem of robotic visual sering around a tget has been addressed by-v
ious researchers. &éset al [44] hare used a model reference adeptcontrol
scheme in order to savthe problem. Their scheme has beerfied by seeral
simulations. Chaumettet al [9][10] have proposed a method that combines a
pre-computed Jacobian (from thegeetr frame to the camera frame) with a simple
adaptve control lav. Four features are traell by using simple line scanning tech-
niques. The objeate of their research is to makhe robot-camera system reach a
certain pose with respect to the statigédr Hashimotet al [21] have presented

a neural netark based approach to the problem. The neural orkt¥earns the
inverse perspecte transformation after geral trials using four feature points.
The approach has been tested by runningraésimulations.



2.2. VISION-BASED GRASPING

Several research #irts have focused on the problem of using vision information

in the execution of seeral robot control tasks. Bennettal [4] described a sys-

tem designed to locate a fuel inlet and attach a refueling boom for aircraft
refueling. Luoet al [28] have described a robot cesyor tracking system that
incorporates a combination of visual and acoustic sensing. Nelson [30] has pro-
posed a robotic visual tracking scheme thag¢sakto consideration the robot joint
limits and the singularities. Dickmanns [14] used vision to guidehacie that

was drving dovn a highvay. All of these systems applied visual information to
the problem of robstly moving a robotic deice within a reasonably defined
workspace.

In contrast, prior wrk in the use of visual information for grasping has
resulted in only a limited number of systems. Maithese systems use a static
camera and a calibrated coordinate transformation from the camera frame to the
manipulator frame. Additionallythese systems typically use open-loop control,
making these systems senagitio errors in sensing, manipulator control, and cali-
bration of the coordinate transformation. In particusaveral eforts use vision
only to cather information before performing a blind grasp, resulting in systems
that cannot adapt to object motion.

Houshangi [24] deesloped a system to grasp wineg tagets using a static
camera and precalibrated camera-manipulator transfoamo K26] proposed a
control theory approach for grasping using visual information. Adteal [2] pre-
sented a system that tracka taget maving in an @wal path using calibrated, static
stereo cameras and grasped thgetawhen tracking became stable. Schrott [38]
proposed a set of actions that ge-in-hand system should do in order to grasp a
static knevn object. Buttazz@t al [8] used a calibrated static camera to deter-
mine when and where an objeabwld cross a line defined by the intersection of
the operating plane of the manipulator and the ground plane ofdhepace.

This information vas used with open-loop control to place a baskounted on

the end-dkctor over the object when the object crossed the predefined line. Stans-
field [41] used structured light to analyze object shape and size before performing
a ballistic, unguided grasp. &=al researchers W& investicgated catching and
juggling (for example, [25][36][37]); hwever, these dbrts consist mainly of
open-loop control [25][36][37] and use vision sensors only to predict the para-
bolic trajectory of a dropping or tossed object [25][37] that is then used to blindly
move the end-ééctor to a position along the parabola prior to thevalrof the
object.

3. Measuring Coarse and Fine Feature Motion

We must measure feature motion to visually guide the manipulator during the
grasping process. Additionallye introduce the concept of coarse and fine fea-



tures to compensate for the changes in features’ projections that result from the
eye-in-hand robot reachingward the taget. As the reach ixecuted, coarse fea-
tures will pass out of the weof the camera and will be replaced by fine feature.
This also implies that features will be required to be automatically selected during
the grasping process. Automatic reselection of features will also need to occur due
to the visual distortion of features caused by the rotation of the camera and the
change in depth of the features. This section addresses these issues in xhe conte
of vision-based grasping.

3.1. MEASUREMENTS

We assume a pinhole camera model withoddvframe{ Rg} fixed with respect to

the camera and the Z-axis pointing along the optical axis. A point
P = (XsYsZs)' in{Rg} projects to a poinp in the image plane with image
coordinatesx andy. For simplicity, we assume that = 6, = f = 1, whered,
andd, are the scalingactors for piel size and camera sampling anid the cam-

era focal length.

By utilizing the denation presented pvusly in [31][39][40], we arrie at
the following equations describing the motionpbn the image plane due o
moving with translational motiont = (t,t,t,)" and rotational motion
r=(relyr) :

— v — tz tx 2

u=x-= [XZN—ZJ +[xyr,—(1+x)r, +yr,] (3.1)
. t, ty

vy = [ya—zj +[(L+ YA, —xyr,—xr,] . (3.2)

The continuous»draction of the positions of the features’ projections on the
image plane is based on opticawfleechniques. The computation of and v
(optical flav components) has been the focus of much research andatgan
rithms hae been proposed [22][23][43]. &Vuse a modified ersion of the
matching based technique [3] also Wwmoas the Sum-of-Squared f@ifences
(SSD) optical flav. For every pointp, = (xya)' in imageA, we want to find
the pointpg = (Xxa+u,ya+v)" to which the pointp, moves in imageB. It is
assumed that the intensitglues in the neighborhoad of p, remain almost con-
stant @er time, that the point; is within an are&® of p,, and that glocities are
normalized by the sampling periddto get the displacements. Thus, for the point
p, the SSD estimator selects the displacemnt (u,v)' that minimizes the
SSD measure:

e(pa d) = [1a(Xa+ M, Yo +N) = lg(Xa+ M+ U, Y, + N +V)]? (3.3

mntoN



whereu,vO Q, N is an area around the phwe are interested in, amg, 1z are

the intensity functions in images andB, respectiely. Variations of the prgous
technique are used in ouxperiments. In the firstariation, imageA is the first
image k = 0) acquired by the camera while ima@e is the current image
(k>0). Thus, for the pointp, the SSD estimator selects the displacement
d = (u,v)' that minimizes the SSD measure:

ePad)= 5 [Ia(Xat M yatn)—lg(xa+ m+u+uy,+n+v+Ev)]*  (3.4)
mnUN
where&u and&v are the sums of the all the pi@usly measured displacements.
They are defined as:
k-1 k-1
Eu= Zu(j) and &v = zv(j) . (3.5)
=1 =1
This variation of the SSD technique is senstto lage rotations and changes in
the lighting.

Another\ariation of the SSD is the one that updates imageefyq: images.
This SSD measure is similar to the onevfmesly mentioned (3.4)xeept thatfu
and&v are defined as:

k-1 k-1 k
fu= u(j), &v= v(j), andl = L_J . (3.6)
i=§+1 J=§+l H

The most dfcient variation of the SSD in terms of accuyaand computa-
tional compleity proved to be the last one [31]. The continuous computation of
the displacementectors helps us to continually update the coordinates of the
image projections of the feature points. Additionathys \ariation addresses our
need to reselect features, as discussed in the Section 3.3..

The size of the neighborhoddl must be carefully selected to ensure proper
system performance.o® small anN fails to prowide enough contrast while too
large anN increases the associated computationvaritead and enhances the
background. In either case, an algorithm based upon the SSD techniqualimay f
due to inaccurate displacements. dounter this, the system utilizes a technique
called “dynamic gramiding” as described in [39].

3.2. COARSEAND FINE FEATURES

We decompose the motion into coarse and figensats by using tw different
classes of object features during operatioa.uAk the idea of “coarse” and “fine”
features during the operation of the system to guide the manipsilatamements.
Consider approaching aifding that you wish to enteAt long distances, you use

the huilding as a whole to guide your approach. This is analogous to the use of
coarse features in our system to guide the eeolgrse meements. Once you are
near enough to theubding to identify the entrance, the entrance itself becomes
the guiding feature, while the entirety of thélBing is ignored. This is analogous



to the use of fine features in our system. When the object dominates the field of
view of the camera, fine features are used to guide the manipulator motion.

Coarse features are selected while the object is avedlatar distances from
the end-dkctor The system automatically aligns the gripper with the object and
forces the optical axis of the camera to pass through the centroid of the object. It
then drves the manipulator weard the object while maintaining proper gripper
and optical axis alignment. When the object is in motion, these alignment con-
straints result in the tracking of the object by the manipul&tttren the coarse
features approach the boundaries of the image plane, fine features are selected.
These are used to dei the end-ééctor the remaining distance to the object and to
signal when to grasp the object using a pneumatizfitvgered hand. Proper ori-
entation is maintained throughout by visual informationvaerifrom either the
coarse or the fine features, depending upon the type of features being used to
guide the manipulator (see Figure 2).

3.3. FEATURE SELECTIONRESELECTION

An algorithm based upon the SSD technique naglydue to repeated patterns in

the intensity function of the image or due t@kareas of uniform intensity in the
image. Both cases can pide multiple matches within a feature poéntieighbor-

hood, resulting in incorrect displacement measures. Furthermore, during certain
movements of the manipulator (e.g., Z-axis translation and X-QryZ-axis rota-
tions), the features being trakwill be distorted on the image plane, resulting in
loss of tracking. In order tovaid these problems, our system automaticalbjiie

ates, selects, and reselects feature points (see Figure 2).

Feature points are selected (and reselected) using the SSD measure combined
with an auto-correlation technique. This produces an SShcsuthat corre-
sponds to an auto-correlation in the afeabout a potential feature [3][31][40].
Several possible confidence measures can be applied to theestofmeasure the
suitability of a potential feature point.

The selection of a confidence measure is critical sincey mach measures
lack the rolistness required by changes in illumination, intensity. W use
two-dimensional displacement parabolic fit that attempts to fit the parabola
e(Ar) = aAr?+DbAr +c to a cross-section of the sack dewed from the SSD
measure [31]. The parabola is fit to the acefin seeral predefined directions. A

Camera ~ Coarssg Fine

Alignment Reach Reach a
Coarse Eine Griosgr
Feature \ / Feature t PP

: p and
Selection Selection Withdraw
Feature Feature
reselection reselection

Fig. 2. Architecture for grasping.



feature point is selected if the minimum directional fit igicitly high, as mea-
sured by equation (3.4).

After the coarse points are selected and the manipulagorsbthe centering
and alignment phase, feature reselection is perforrexy @ th iteration in a
small ared” about each feature point using the method describea abbis pre-
vents loss of feature tracking due to distortions caused by the rotation about the Z-
axis required to align the gripper with the graspable dimension of the object and
the possible motion of the object. The reselection paie based upon the maxi-
mum rate of the rotation about Z, the estimated motion of the object, and the
expected elocity of the feature points on the image plane. reselection ase tak
place during the Z-axis translation that occurs whil&iwlgi the manipulator
toward the object.

Once the coarse features areveini to points near the image plane edges, fine
features are selected on the obgestirace. Only a small area in the center of the
image plane is searched for fine features so that the projection of the points will
remain within the bounds of the image plane during the final approaam,Alge
features are reselected in a small dregbout the points during the final approach
in order to counter the fefct of distortion due to the Z-axis translation and object
motion. Since theelocities and distortions of the fine features apeeted to be
much higher due to the objextshort distance from the image plane (due to the
small relatve depth of the features), the reselection rais set to force reselec-
tion more often during the fine feature approach.

4. Modeling of grasping as a visual servoing problem

We address the problem of graspinge(n-hand configuration) as a visual serv

ing problem in this section. The grasping problem can be defined as “find the
motion of the manipulator that will grasp a static omyomoving object. Since

we are dealing with anye-in-hand robotic system, weugato address the reposi-
tioning of the manipulator in order tofeft grasping. The specific problem can be
stated as “find the motion of the manipulator that will cause the image projections
of certain feature points of the rigid get to mee to desired image positiohs.
Contrary to preious research &frts [9][10], only partial knaledge of the
inverse perspeste transformation is assumed. In otheorels, vision-based
grasping of an object by aryein-hand robotic system requires that the robot
continuously repositions itself with respect to the object to be graspedctim-

plish this by automatically defining desired positions for the object features such
that the robot aligns the endeftor with the object, reachesamard the object
(while maintaining gripper/object alignment), and grasps the object.



4.1. MODELING APPROACH

According to the devation given in [35], we produce the folldng equations
written in the state-space form (this model holds for static avlglmoving
objects):

Xe(K+1) = Ap(K)Xe(K)+ Je(K—d + D)Ucon(k—4 + 1)+ He(K)ve(k) (4.1)
where Ac(k) = He(k) = 1, , xe(K) 0 0%, ue(k) 00°, ve(k) 00%, andd is the
sampling period. The matride(k) O 02x¢ is (T is the sampling period):

1 x(K)

” 7z ° x(Ky(k) ~(1+x°(k)) y(k)
Je(k) = T <

Zy(k)

Z:(1k) gs((?) (1+y°(K) —x(k)y(k) —x(k)

The \ector Xe(K) = (x(K), y(k)) is the state  ector

Ueon(K) = (tx(K), t,(K),  t.(K), re(K), ry(k), r,(k))' is the control input ector

and vg(k) = (vi(k), vo(k))" is the white noiseactor The measurementeutor
ye(k) = (vi(K), yo(k))" for this feature is gien by:

Ye(K) = Cexe(k) +we(k) (4.2)

where we(k) = (wy(k), wo(k))" is a white noise actor (wq(k) ON(O, W)) ,
and C: = 1,. The measurementegtor is computed using the SSD algorithm
described in Section 3..

One feature point is not enough for the calculation of the control irgotb

Uen(k) due to the dct that the number of outputs is less than the number of
inputs. Thus, we are obliged to consider more points in our model. In order to
make the number of inputs equal to the number of outputs, we must consider at

least three feature points which are not collinéae reason for the noncollinear-
ity will be investicated in Section 4.2.. Mang more than three feature points will

result in a lager number of outputs than inputs. In repositioning, the robot-camera

system is not required to &la certain pose with respect to the static rigigetar

The only objectie is to mee a certain number of features to some desired posi-
tions on the image plane. Additional objges such as a predefined pose require
at least four feature points [9]. When we introduce grasping based upon this con-
cept (see Section 4.3.), our camera pose will be predefined and the controller will
use four feature points. In our formulation the depth parameter of each one of the

feature points is estimated on-line by an adaptistimatgrand therefore, the rel-

ative position of the object with respect to the robot-camera system can be

computed.

The state-space model for three feature pointeng similar to that found in
[35] for m points and can be written as:

X(k+1) = A(K)X(K) +J(k—d + D)ugon(k—d + 1) + H(K)v(k) (4.3)
where A(k) = H(k) = 1, , and v(k) 0 O0° . The matrixJ(k) 0 0°"° is:



IP (k)
I(k) = 132 (k)
IO (k)

The superscrip{i) denotes each one of the feature poin(gi) O{ (1), (2),

(3)}) - Theector  x(k) = (x7(k), y”(K), x?(k), y?(k), X7 (k), y7 (k)

is  the ne&w state  ector and v(k) = (v\(Kk), v, (K),
vi2(K), v,?(k), v,?(k), v, (k))'  is the nev white noise ector The nev
measurement  ector y(k) = (1K), v, (k), 1P (K), v. 2 (K), y P (K),

v, (k) for three features is\gn by:

y(k) = Cx(k) +w(k) (4.4)
where  w(k) = (W, (K), W, (K), w,? (K), wo? (K), W, (K), w,® (k)" is the
new white noise ector (w(k) ON(O,W)) andC = Is. More feature points can
be intgrated in our model by augmenting the block matr(x) and the mea-
surement, state, and white noisetors.

We can combine equations (4.3)-(4.4) into a MIMO (Multi-Input Multi-Out-
put) ARX (AutoRgressve with auXiliary input) model. This model consists of
six MISO (Multi-Input Single-Output) ARX models, and is described by the fol-
lowing equation:

ARK)(L-g7)y(k) = I(k=d Yueon(k—d ) +n(K) (4.5)
where n(k) is the white noiseactor andqg™ is the backwrd shift operatoiThe
new white noise ector n(k) corresponds to the measurement noise, modeling

errors, and noise introduced by inaccurate robot control. In tktesaetion, we
present the control and estimation techniques for the repositioning problem.

4.2. CONTROL, ESTIMATION, AND STABILITY FORREPOSITIONING

The control objectie is to moe the manipulator in such aaw that the projec-
tions of the selected features on the image planenmsome desired positions
[32]. This section presents the control sae that realize this motion, the esti-
mation scheme used to estimate the umknparameters of the model, and the
stability analysis of the proposed visual s@éng algorithms. Since the depth
information is not directly\ailable, adaptie control techniques are used for visu-
ally serwing around a object. In particuladaptve control techniques are used
for the recoery of the components of the translational and rotaticglatity vec-
tors t(k) and r(k) , respectiely. The rest of the section will be dded to the
detailed description of the control and estimation schemes.

4.2.1. Contmrl scheme for epositioning

The objectie is to mee the features’ projections on the image plane to some
desired positions. The repositioning of the projections is realized by an appropri-



ate motion of the camera. The design of this controller is similar to the one
proposed in [35]. By transforming our objee€tito a cost function, we can create a
mathematical formula that continuously computes the desired motion of the cam-
era. This motion is transformed through a robot control scheme to robot motion.
In particular a simple control k& can be devied by the minimization of a cost
function that includes the control signal [27]:

Fk+d) = [y(ktd)=Yaes(kKt & )" Guly(kK+ & ) = Yaes(k+ 4 )]
+ u;:ron(k)Glucon(k)'

The \ector y4(k) represents the desired positions of the projections of the three
features on the image plane. In our repositionkgeaments, the ector y (k)

is knawvn a priori and is constantver time. Heovever, during certain stages of the
grasping the ector y.(k) is knavn but time-\arying. By weighting the control
signal, we place some emphasis on the minimization of the control signal in addi-
tion to the minimization of the sesing error The response of the system is
slower than hging G, = 0 but the control input signal is bounded and feasible.
This is in agreement with the structural and operational characteristics of the
robotic system and the vision algorithm. A robotic system cannot track signals
that command lge changes in the features’ image projections during the sam-
pling intenal T. The control lav which is dewed from the minimization of the
cost function (4.6) is:

Ueon(K) = 37 (K)GuI(K) + Gy 173" (K)Gu{ [Y(K) — Yaes(k + ¢ )]

4-1 4.7
+ Z J(k_m)ucon(k_m)}'

(4.6)

The design parameters in this contreV kare the elements of the matricgg
and G, . The matrixG,, should be posite definite G, >0) while G, should be
positive semidefinite G, =0). If the matrix J(k) is full rank then the matrix
J'(K)GwJ(K) + G, is invertible. The matrixJ(k) is singular when the three fea-
ture points are collinear (see [16] for a detailed discussion of this case). This is
similar to the verk presented in [35] thak&ends the number of points bo. For
grasping, we will gtend the number of points to four (see Section 4.3.).

In addition, J(k) becomes singular if Z8(k) = zZ2(k) = zZ®(k) and at
least one of the feature points has a projection on the image plane with coordi-
nates x”(k) = y?(k) =0 ( (i))O{(2),(2),(3)} ). Moreover, J(k) becomes
singular if the three feature points and the origin of the camera feabedong to
the sameyinder and the follewing condition is satisfied [13]:

=AW =~ Y E)
o]e) = o]0 = (o]0 —=V . (4.8)
tan(p*”) tan(B*) tan(B)
Each angle” (-/2<B"”<m/2) corresponds to th@) feature and is defined
as shwn in Figure 3. Moreger, OO® denotes the signed magnitude of thetor
00" . If B = 0 for every feature point, thep, = +w . This fact implies that the
three feature points and the origin of the camera franelong to the same line.
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Fig. 3. Definition of the angleﬁ(i) .

(b)

Fig. 4. The axis of theytinder is parallel to the (a) Y axis and (b) X axis of the camera frar
If B¥ =2 or 0 =0" for every feature point, they, = 0. The fct that
Y = rv2 for every feature point implies that the three feature points belong to
the same line (a case thaasvxamined earlier). o particular cases of the pie
ous conditions are stwm in Figure 4. In the first case (the axis of thnder is
parallel to the Y axis of the camera frame), thet that the three feature points
and the origin of the camera fran® belong to the sameylinder can be
described as:

[(x(l)(k))2+ 1]28)(k) - [(X(Z)(k))2+ 1] Zf)(k) =

, (4.9)
[(XV(k)" + 1120 (K) = ya.
Moreover, equation (4.8) can be simplified as:
O WOV 7D = @AW (kK7 @ (k)=
XKy (K)Zs (k) = xX7(K)y “(k) Zs" (k) (4.10)

XKy (KZE (k) =y,

In the second case (the axis of tlyncler is parallel to the X axis of the camera
frame), the &ct that the three feature points and the origin of the camera ame
belong to the samg/linder can be described as:

[y (k) + 1128 (K) = [(YP (k)" +112P(k) =

, (4.11)
[(YP(K) +11ZP(K) = ys.



Moreover, equation (4.8) can am be simplified to equation (4.10). A proof that
the abwe conditions mak J(k) singular can be found in [13] and in [31]. It
should be mentioned that a similar analysis has been performed in [16].

By selectingG, andG,,, one can place more or less emphasis on the control
input and the seping error By following the results in [35], we can select the
elements of these matrices. If want to include the noise of our model and the
inaccurayg of the J(k) matrix in our control la, the control objectie (4.6) will
become:

F o) = Elylhks £)=Yalicr d ] Guly(kr £) =yaellcr 0]y 1
+UTcon(k)G|ucon(k)‘Fk}

where the symboE{ X} denotes thexpected alue of the randomavriable X
andF, is the sigma algebra generated by the past measurements and the past con-
trol inputs up to timek. The ne&v control lav is:

Ueon(K) = 3" (K)GwI(K) + G173 ()G [Y(K) = Vaes(K + £ )]

= (4.13)
+ z ‘](k_m)ucon(k_m)}

where J(k) is the estimatedalue of the matrixJ(k) . The matrixJ(k) is depen-
dent on the estimated awes of the features' depth 2."(k)

( (HO{(1),(2),(3)} ) and the coordinates of the features’ image projections.
In particular the matrixJJ(k) is defined as foll@s:

3P (k)
I =159k
3P (k)

where 3P (k) is given by:

3Pk =
-1 XU(K) iy YNNG
: 0 : k k) -1 k k
. Zi”(k) Zé')(k) XKy (k) {1+ (xX7(k)T y (k)
-1 y(k)

[1+ (k)T xRy (k) —x"(k)

22(k) 29 (k)

This matrix uses the estimated depthy £0’(k) ) in the calculation ofJ¥(k) . In
the net section, we present estimation techniques for estimating the depdh f



4.2.2. Computation of3¥’(k) through the estimation of/z% (k)

The estimation of the featusedepth z(k) with respect to the camera frame can
be done in multiple @ays. In this section, we present one estimation algorithm.
Mary more similar algorithms can be found in [35]. Let us define therse of
the depthz{(k) as Z{’(k) . Then, the equations (4.1)-(4.2) of each feature point
can be reritten as ( nf (k) ON(0, NV(k)) ):

YE(K) = AP(k=1)yP(k—1) + ¢ (k= ) (k—d Yt(k—d )

+I(k—d Yr(k—a ) +nP (k)

where J9(k) and Ji(k) are gven by:

(I)(k) {—1 0 X(i)(k)} ’
0 -1y"(k)

(4.14)

3000 = 7 XY 1+ ()T y (k)
[1+ (k)T xRy k) —x"(K)

By following methods in [35], the meform is:
AyP (k) = I0(k—d JuP(k—d ) +nP(k) . (4.15)
The \ectors AyP(k) and u”’(k—« ) are knevn every instant of time, while the
scalar Ok is contmuously estimated. It is assumed that an initial estimate
¢Y0) of Z9(0) is guven and p”0) = E{[2"(0)-29(0)]} is a positie
scalarp0 The term p®(0) can be interpreted as a measure of the confidence that
we have in the initial estimate?’ (0) Accurate knwledge of the scalaZ (k)
corresponds to a smallw@ariance scalap,. In our ekamples, N”(k) is a constant
pr(e)defined matrix. In addition, for simplicity in notatiom¢k) is used instead of
uP(k) .
The estimation equations are (the superscrptdenotes the predictece
of a\ariable while the superscript ' denotes its update@dhe) [29]:
5(i) 5(i)

(k) = L (k-1) (4.16)
k) = p(k-1) +sV(k-1) (4.17)
(k) = [Pk} T+ (k= ){NO(K)} "h(k-a )] (4.18)
K"(k) = "p"(K)h (k= Y{ NP (K} (4.19)
Wk = w0+ K WYY (K - L (h(k-d)] (4.20)

where s”(k) is a coariance scalar which corresponds to the white noise that
characterizes the transition between the states. The depth related parameter
(k) is a time-arying \ariable since the camera translates along its optical
axis and rotates about the X and Y axis. The estimation scheme of equations
(4.16)-(4.20) can compensate for the tina@ying nature ofZ."(k) because it is



designed under the assumption that the estimaddble undaegoes a random
change. Further analysis ivgn in [18] and [35].

4.2.3. Stability analysis

In this section we present an outline of a stability analysis for the proposed algo-
rithms. Our objectie is to ivestigate the conditions under which the seng

error ( e(k) = y(k) —yqes(k) ) asymptotically goes to zero while the system input
vector ug,(k) and the system outpuestor y(k) remain bounded. In 1980,
Goodwinet al [19][20] dealt with the stability analysis of adaptialgorithms for
discrete-time deterministic timeviariant MIMO systems. Using Goodwaork

as a base, we outline the stability analysis for our discrete-time stochastic nonlin-
ear slovly time-varying MIMO system. In this analysis, the 2-norm of a maltrjx

often called thespectal norm, is used. This norm is defined as fwkd46]:

1

IL|, = max% = (maximum eigenvalue df "L )*(x #0) . (4.21)
2
The minimum and maximum eigealues of the matrix. are defined a3, (L)
and A,.(L), respectiely. For a deterministic@rsion of our model (white noise is
ignored) and for a system delay= 1, the error equation isy(.,(k) is knovn a
priori and is constantver time):

e(k+1) = [ls=J(KM (K)]e(k) (4.22)
where M (k) is defined as:

M (k) =[3"(K)GuI(k) + G ]I (KGy . (4.23)
The serving error goes asymptotically to zero if the faling condition holds:
[1e=J(K)M (K)|[,<1 . (4.24)
The previous condition can be weitten as:
Amax(ls = I(K)M (K) =M T(k)JT(k) + MT(k)JT(K)I(KM (k)) <1 . (4.25)
After some simple matrix computations, condition (4.25) is transformed to:
Amin(I(K)M (K) + MT(K)JI"(k) =M "(k)IT(K)I(K)M (k)) >0 .