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Abstract

This pape combine the authorsprevious wolk on
a seltcdibrated postion base visud servoing
framework for a humanod robot with a robug la-
sa stripe scaneg tha can captue registerd cd-
our/range measuremestd arhitrary objects in am-
bient indoar light Using stere measuremest for
validation, the lase scanne is bug against se-
sar noise spuious refledions ard cross tak from
othe robots Range dah is praessal to iderify
objecs d interes in the workspacge which are
moddled ushg simpe geometric primtives The
resuting texturel 3D modek can be use for rec-
ognition, tracking arl grap plenning Findly, we
preseh a simple grgs planne tha guides visud
servong in the tak of graspng a noddled abject
The fusion of these conponens dlows the human-
oid robd to locak ard graspa class d a priori un-
known objecs in its works@ce The dfediveness
of thee tediniques ae demonstratk on an &-
perimenthhumanod platform.

1 Introduction

In previols wok the authos devebpead a domesic hu-
manot robd (see Figure 1) which usel selfcdibrated
postion basel visud servong o perfom comple ma-
nipulation tasls [Taylor ard Kleeman 2001. However
the oba was only ablke © recognize aml locaie simple
attificially marked blocks The mdivation for this wok is
to develop tk sensig ard visud processing tedniques
that will allow the roba to classify ard locae a brod
class d arhitrary objects taking s ore stg close to the
ultimate goa of devebping a humanodl robd tha can
perform ad hoc tasks in a domestic/offi ce environment.
Visud servong with domesic robots ard red object
has been demonstrat in othe reeard [Kragié, 2001].
However in this ard sinilar systens the objects ae ge-
metricadly moddled prior to the manipul&ion task In can-
trast we bdieve it is important for the mba to creae
geometrc modek autonomouslyproviding greates flexi-
bility in performing arbtrary tasks In ou framework
objecs will be gproximatel with geometric primtives
suc as cubessphers andcylinders tha are fitted to sa-
sa dak durihg the manipuléion task The use 6geome-
ric primtives rathe than nonparametered mode$ (as m
[Muller ard Wérn 200Q) has the advaitage d allowing
us b male reasonablessumpions éou hidden regions.
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Figure 1. An experimental humanoid robot with stereo stripe
scanner, for locating and manipulating arbitrary objects.

A crucid asped of this gproad is the acquigion of
deng ard rdiable colour/rage measurementsPasive
ster® is usully associatd with humanai seming, bu
the accurag ard rdiability of current techniques often
dependon the conteh of the scene Lase stripe range
sensing dfers a computtonally efficient aterndive, bu
alo preserg unique chdlenges when usel on a domesic
roba; the sensomug operae in normé ambient Ight ard
mug be capable orejeding sesa noise spuriots reflec-
tions ard cross tak from othe robots A numbe of meth-
ods for robug lase scanning ushg measuremenvalida-
tion haw bea proposel [Haverinan ard Ronng, 1998
Magee et al., 1994 Nygards aml Wernesson 1994
Trucco et al., 1999, bu thee sudfer from issua including
assume scere structure inablity to cgpture colour ard
lad of error recovery The authos hawe devebpel a ro-
bud ster® lase stripe scana which addresses theg is-
sues amd provides dense registerd colour/range mea-
uremens [Taylor et al., 2003.

Once the measuremenhawe bea acquired the roba
mug extrad ard locdize objecs o interes ard plan the
manipuldion task Various mettods for segmeting rang
data hae be@ proposed ard the tetiniques usel in this
work are basd on 3D conredivity [Stama ard Allen,
2000 and plana regicn merging Cobzas amd Zhang,
200% Goldshineide ard Li, 200]. The parameterizt
data is then fitted with a geometric priitive o produice a
textured 3D polygond modd that can be usel for recay-
nition, tracking am grasp planing. While the fir$ two
tasks ae nd addressel in this paperwe presenha simpi-
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fied grasp planner using known properties of the geomet-
ric primitive. As before, the grasp planning component is
developed from the general principles upon which similar
works are based [Ferrari and Canny, 1992].

The following section describes the hardware configu-
ration of the experimental humanoid platform. Section 3
provides an overview of the visual servoing component,
and section 4 describes the framework for robust stereo
laser stripe scanning. In section 5 we describe how raw
laser data is processed to localize generic objects and plan
a grasp. Finally, Section 6 provides experimental valida-
tion of the techniques described in this work, and is fol-
lowed with concluding remarks.

2 Experimental Humanoid Platform

Figure 1 shows the mechanical configuration of our ex-
perimental upper-torso humanoid robot. The arms are ap-
proximately anthropomorphic in configuration and scale,
and consist of two 6-DOF Puma 260 robots with 1-DOF
Otto Bock prosthetic hands. Vision is provided by a pair
of PAL cameras on a Biclops pan/tilt/verge robotic head.
The cameras capture stereo images at 320x240 pixel reso-
Iution, and image processing occurs at PAL frame rate (25
Hz). The hands, head and Puma controllers are al coordi-
nated via serial links from a450 MHz Pentium [11 PC.

The laser stripe generator is mounted on the Biclops
head above the cameras. The generator consists of a5 mwW
laser diode module with a cylindrica lens to produce a
vertical light plane. A DC motor drives the laser about a
vertical axis to scan the stripe across a scene, and the rota-
tion angle is measured via an optical encoder. Motor con-
trol and optical encoder measurements are implemented
on a PIC microcontroller, which communicates with the
host PC viaa serial link.

3 Visual Servoing Framework

The visua servoing component of the humanoid robot is
based on the work presented in [Taylor and Kleeman,
2001]. In this work, we developed a position based
method that allows visual servoing to be performed with-
out knowledge of the transformation between the camera
frame and robot base frame, provided the kinematics of
the robot arm are reasonable well known. Thisis achieved
by measuring the frame of the gripper directly, and formu-
lating the pose error in the gripper frame. Figure 2 illus-
trates the basic visual servoing task.

Artificial cues in the form of red LEDs are attached to
the gripper to simplify image processing and increase
tracking robustness. The position of the LEDs in the grip-
per frame G are manually calibrated and form an internal
model which is used to determine the pose of the gripper.
At each iteration of the control loop, the position of the
visible LEDs are measured in the camera frame C and
processed using a Kalman filter to provide an optimal es-
timate of the pose. The filter employs a constant velocity
dynamics model, assuming the motion of the gripper to be
smooth. A simple proportional control law is used for vis-
ual servoing, based on the tranglation and rotation required
to move the gripper to the target pose T, expressed in the
current frame of the gripper G. These differential pose
parameters are passed to the Puma controller, which cal-
culates the appropriate joint motions.

left
yfflﬁlzacanaa

gripper
' LEDs
camera
% frame G
right initial
camera T gripper
target pose

gripper
pose

target
object

Figure 2. Visual servoing framework.

At the commencement of a new servoing task, the ini-
tia state of the gripper is determined using an automated
procedure. Firstly, the cameras scan the workspace to find
the LEDs, and the Kalman filter is initialised with the av-
erage measured position. The LEDs are then flashed indi-
vidually to provide unambiguous localization (against an
arbitrary background). These measurements are processed
by the Kalman filter to estimate the initial pose of the
gripper, and the cycle is repeated until the filter converges
to the initial state. During servoing, loss of visual feed-
back is minimized by actively tracking the motion of the
gripper with the robotic head. However, if tracking is lost,
the initialisation procedure also provides an automatic
recovery mechanism.

4 Robust Laser Stripe Scanning

The robust laser stripe scanner used in this system is based
on work published in [Taylor et al., 2002]. The sensor
uses stereo measurements of the stripe to achieve a num-
ber of advantages over a single-camera configuration.
These include robustness to spurious reflections and sen-
sor noise, rejection of cross-talk from other stripe sensors
and improved ranging accuracy. The noise rejection prop-
erties allow objects to be scanned in ambient indoor light,
enabling the cameras to capture registered range and
depth. Furthermore, the noise rejection condition is formu-
lated as a linear relationship in image plane coordinates.
Thus a ssimple framework exists for on-line calibration of
the relative position between the laser plane and cameras,
using measurements of an arbitrary non-planar target.

The basis for formulating a validation condition is that
valid measurements must correspond to a point coincident
with the laser plane. This may be formulated in a number
of ways, but the condition derived below is preferred as it
results in a linear relationship between image plane coor-
dinates for the case of rectilinear stereo (parallel optical
axes and coplanar image planes). It should be noted that
requiring rectilinear stereo does not necessarily constrain
the camera configuration; projective rectification alows
the effective rectilinear coordinates to be recovered for
any camera configuration (see [Hartley, 1999]).

In Figure 3, avertical stripe is projected onto the target
object, and we observe point X at image plane coordinates
XL = (%, y)" and xg = (Xz, ¥)', noting that the rectilinear
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Figure 3.Ster® lase stripe vdidation framework.

configuration allows us to use the notationy, = yr =Y. Let
Q=(AB,C,D)" represent the parameters of the laser
plane in the world frame. We wish to confirm that X is
coincident with this laser plane, in which case X must
satisfy the following plane equationsin L and R:

A(X +b)+BY +CZ +(D-Ab) =0

A(X-b)+BY+CZ+(D+Ab)=0
The projective transformation due to the cameras is de-
scribed using a pin hole model with focal length f (equal
for identical cameras), and stereo baseline 2b:

(X, yY) =(X+bY)' [Of /1 Z

X V)T =(X =b,Y)" Of /1 Z
Substituting (2) into (1) we have

(Ax, +By+Cf)Z+(D-Ab)f =0

(Axg +By+Cf)Z+(D+ Ab)f =0
Finally we can eliminate the unknown depth Z to give

(D + Ab)(A x, +By+Cf)

- (D - Ab)(Axg +By+Cf)=0

By rearranging (3) and making the change of variables

a =(Ab-D)/(Ab+ D)

B =2Bb/(Ab+ D)

y =2Cb/(Ab+ D)
we can simgify (3) even further to

X +axg +Py+yf =0 @

Now, image plane oordinats x, andxgr hawe two de-
grees d freedom tha must ke constraine for validation,
andthelase plare test(4) provides ore corstraint A sec-
ond is the eppolar constraint which is usel when sard-
ing tre image for candida¢ matchesAs notel ealier, the
recilinea stereceppolar constraimissimply y, =yr =Y.

Equdion (4) is linea in imag plane oordinates with
the three cofficients a, B, ard y relatel to the lase plare
parametersThis suggess a simple mechanis for aub-
maticdly cdibrating the lase plare posdtion from image
plare measurement#n this mettod we simpy projed the
lase ontb an arbitrary nonplana targe ard measue the
locdion o the stripe @ eat of n eppolar lines © pro-

duce n measuemert pairs X_; ard Xg;, i =1 ... n. Fram
(4), we fom the resdue

N

2

3)

N=X, t%, + By +yfi=1..n ©)

ard sohe thelinea regressian problem

0 He .

F f Ezoijzavﬁvy (6)

I

The resit gives the codficients a, 3, ard y at a paticu-
lar encode value The cdibration pracess 5 completd by
scanning the lase acrcss tle targe ard solving 6) at
regular intervak d the enode value Findly, paramete
ised modet ae fitted to thre codficients which dlows
them to be calculatd for ary encode value

When an objed is <£anned an ed@ deedion filter
idertifies candidag¢ postions for the light stripe an a given
epipolar line. Candidate ae matchd by minimizing the
reside in (5) for dl possibe edge pag an the epiplar
line, ard the resit is vdidated by requirihg tha the mini-
mum reside is belav a fixed threshold gor. Detdls o
the cdibration, implementdion ard image procesng ae
given in [Taylor et al., 2002.

5 Grasping an Unknown Object

In this work grasping is executal usihg a look-then-move
approach First, a range/colou image d the workspacesi
acquirel ard the objea of intereg is iderified and Ied-
ized The curernt implementatio is abk 1 fit rectangular
prisms © the range data dlowing the oba to modé un-
known boxes In adition to shapethe oba may didin-
guish boxes ly colou or textue © determie which db-
jecs ae gplicable b a given task A gragp planning alg-
rithm is then goplied to determir thepos o the roba for
grasping tre targe box Findly, the haml is visudly se-
voed to the desird po® ard the objed is graspedThe
systen presenté hee does nd tradk objects durhg se-
voing, bu we interd to add ths capalility in future wok
to improwe servoing accuracy We al® interd to incluce
geometrc primtives sut e cylinders ard sphers © in-
crea® the genetay of the system.

Figure 4 shows the rav range/colon scan of a typicd
scene which will be usel s a1 exampk for the analyss
ard grasp planing algoithms describe in the fdlowing
sedions

5.1 Range Data Segmentation

The firg step in scere analyss is b segmenhard paran-
eteri® the rav range data ind plana regions A surface
normd n is detemined for ead squae path of N points
m; in the range image using lea$ squars plare fitting
[Faugeras 1993. The norméis calculatel as the eigen-
vecta assodated with the smé#lest eigevalue A of the
covariarce natrix A for the range datam;, where

A=EY L —m)m -m)T, m=g S m,

The smélest eigevalle A is al® the residuberror from
the leas squars fit. Patchs for which A is greate than a
fixed aror threshaodl (sut as & deph disconindities) are
invdidated ard dicarded Segmentdion of the data inb
plana regiors isa two step preess initial segmerdtion,
followed by region merging The intial segmentatio is
similar to the tedinique present in [Stama ard Allen,
200, ard based o the faniliar sequetial binary connec-
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Figure 5. Planar segmentation: extracted planes are labelled with
uniform colour.

%
Figure 6. Extracted box models and grasp planning result.

tivity algorithm. For each neighbouring pair m; and m,
with valid normals n, and n,, coplanarity is tested by re-
quiring n [h,>a; and max(fry, (|,r, ) <a,,
where ry, is the normalized in-plane vector given by
r, =(m,—=m,)/jm, —m,|. Coplanar pairs are assigned
identical region labels. Typical thresholds a; = 0.9 and a5
= 0.1 result in a large number of small regions to be
merged later. After connectivity is applied, measurements
without a valid normal are simply added to the neighbour-
ing region for which the plane equation is satisfied.

Region merging is based on an iterative boundary cost
minimization approach [Goldschneider and Li, 2001;
Caobzas and Zhang, 2001]. For each pair of regions R; and
R; sharing a common boundary, a cost is calculated as the
residual error A;; of a plane fitted to the merged region R,
O R;. At each iteration of the merging algorithm, the re-
gions which result in the minimum boundary cost Anin =

minA;; are merged, and the region list and boundary errors
are updated. Merging only a single pair of regions at each
iteration ensures a controlled growth of the total error for
al regions. The process is repeated until the minimum
error grows beyond a set threshold, Ani, > Ay Figure 5
demonstrates the result of applying the segmentation algo-
rithm to the range data shown in Figure 4.

Planes describing distinct objects may now be grouped
using the following assumptions. A horizontal plane be-
low all other planes in the scene is identified as a floor,
and similarly a vertical plane behind all other planes is a
wall. These are removed and the scene is checked again
for floors and walls until none remain. Assuming objects
do not touch, the remaining planar regions are segmented
into connected groups associated with distinct boxes to be
modelled using the technique described next.

5.2 Fitting a Generic Box M odel

A generic box is modelled as three pairs of parallel planes,
with each pair approximately orthogona to the others.
Parallel plane pairs are labelled A; and B, i = 1, 2, 3,
where A; is the surface closest to the cameras (the origin
of the world frame). Each pair is parameterised by a
common normal n; and perpendicular distance to the ori-
gin, g and b;, where a; < b;. We assume the top of the box
isvisible, and the system must be able to view at least one
other side to determine all parameters of the model. At
most, three sides of the box will be visible, these being
plane A; in the three plain pairs. The top surface is identi-
fied as the region parallel to the floor, and assigned to A;.
The remaining visible regions are assigned to the frontal
sides of the box, A, and As. If only one side is visible, we
assign thisto A, and calculate the normal vector of Az as
the cross product of the visible normals, nz = ny x ny.

Now all that remains is to find the distances b for the
hidden rear faces (and a; for the case of only two visible
front faces), which are calculated by fitting planes to the
edges of the visible surfaces. For example, B3 shares an
edge with A; and A,, so the first step in determining bs is
to identify the range points ¢ at the edge of surfaces A;
and A,. The basis of our method is the assumption that B
will be coincident with one of these edge points. We per-
form a numerical fit smilar to a Hough transform; each
edge point g is associated with a likelihood function ¢
that measures the support of all edge points for a plane
passing through e:

o :Zj(dj +)7, d; =n, &

The location of Bz isfound by searching for the edge point
that maximizes this likelihood. Finally we calculate b; =
enx3. The box model is completed by calculating the
distance parameters for the other hidden sides.

The final step in model construction is to extract sur-
face textures from the colour component of the laser scan.
Each visible face of the box is assigned a texture image of
fixed size. To render the texture for a particular surface,
the range data is projected onto the associated plane and
transformed into texture coordinates. These are then tes-
sellated into triangles and rendered with the associated
colour data to form the texture image. Figure 6 shows the
final 3D rendered models of the boxes extracted from the
scanin Figure 4.
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Figure 7. Candidate contact points ¢; for grasping a box.

5.3 Grasp Planning

After the objed has been moddled and Iedized a grag
planne calculates the pos do the grppe for a stabé
grasp Alternatively, the grap planne may determire thet
the objed canna be graspd & its curert location. In this
work we presenha simple grgs planna tha considess
only precisicn grasg d boxes ard does nd chedk for
cadlisiors with othe objects.

Calculdion o candida¢ grasp is patly basel on the
criteria devebpeal in [Smith et al., 1999. As the dyjed is
a priori unknown, the grpp should le chosa to hawe
minimum dependece a the unknown surfice frction.
Thus the force aplied by the fingess shoutl be namd to
the gripped surfice ard the objed shoutl be graspd rea
the centre b mass b minimize loa torqe when lifted.
The® rules ae eay applied to a box unde the reasao-
able assumpion of a uniformly distributed mass.

The procedure fitowed by mog grap planning algp-
rithms is b appy heuridics b determie a sé of cand-
dak contatpoints an the object, then sekd the beg can-
didae basd on a sutable co$ fundion. Ou simple, two-
fingerel grap planna consides onl the two candidag
contad point pairs show in Figure 7. (c;, ¢,) ard (Cs, Cs),
where ¢, ard c; are an the visible faces The axs joining
coniad pairs is perpadicular to the surfice d the box ard
abowe the centre bmass saisfying tre rules for minimiz-
ing tre dfed of surface frction. To ensue thke grag is
reachablethe contact ae placel a fixed distarce d below
the top surhce (typcdly d=1 cm) The contatpoints ae
calculatel from the corne verticesv, ... vg; thusc; is

C =V +5 (Vo —vy) +O(vs - Vy) /|V5 _V1|

with the otheé contid points calculatel sinilarly. In the
following we conside only the par (cy, ¢,), ard the sane
calcuktions ae gplied to (s, Cy).

The firg requirement fo a sutable grag is thd the
coniad points ae sufficiently close Let f, ard f; represen
the locdion of the thunb ard index fingettips in the grip-
per frame with the gripper openel to the maxmum grasp
we requirelc, —c,| <[f, —f;| . If this is séisfied, we cala-
late the transforntéon tha will align the fingetips with
the contat points sud tha f; contacs c¢; ard f; with c,
(note thd the thumb contcts the suface closeto the ro-
bot, as accurs in human grasping) Expressng the rot-
tiond componen of this transformton & R(a;,6:), we
calculate the rotation axis a; as

a, =(f, =f)x(c,-c)
and the rotation angle 6, as
cosd, = (f, ~f))"(c, —¢c,) /(|ft _fi"CZ - Cl|)

We then apply a second rotation R,(ay,8,) about a, = ¢,
— ¢; to ensure that the palm of the hand is above the top

i

Figure 9. Gripper tracking and box location while servoing.

Figure 10. Successful completion of grasping task.

surface of the box (ie. & above the fingertips) and a colli-
sion is avoided. Currently, rotation angle 6, is calculated
using a simple numerical search over al angles. These
two rotations combine to give the rotational component of
the target gripper pose as Ry = RyR;. The trandational
component t, of the target pose simply aligns the midpoint
between the fingertips above the centre of mass:

tg :%(Cl +CZ)_%Rg(ft +fi)

Finally we check that the target pose (R, tg) is reachable
by ensuring that it is not beyond the length of the arm.

A candidate grasp is calculated for both contact pairs
(cy, o) and (cs, €4). When both candidates are reachable, a
mechanism must be established for selecting the preferred
grasp. Here we apply a smple heuristic: the target pose
that minimizes the angle between wrist and forearm is
chosen as being the most comfortable grasp.
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6 Experimental Results

The tediniques describd in this pape hawe be@& im-
plemente on the experimentahumanod robd shown in
Figure 1 The humanoidis present# with two a priori
unknown boxes ard given the tak of graspng the first
yellow box found in the workspaceThe initial postion of
the roba ard the boxes ae given in Figure 8 Figure 4
shows the rav colour/range sca o the workspace ith
the candidateboxes ard the extractd modet ae ren-
dered in Figure 6 The systen idertifies the targé box by
examinng the colou histrogran of the texture image for
each model Figure 6al shovs the planned grasp fo the
corredly idertified box indicated by the red wireframe
hard model Colour/range data acquison, moddling ard
gra®p planning requie @ou 60 s d processingtime.

The planned grasp $ usel & the targe pose in the vis-
ud servong task The imag show in Figure 9 was cgp-
tured by the oba abou halfway through the servong
task the meaured postion of the box ard the curent ard
targe podtions o the haml are overlad as wireframe
models The totd time for visud servoing wes &ou 30 s
Findly, Figure 10 shows the postion of the roba at the
suceessfu completion of the graspig task.

7 Conclusionsand Future Work

We have presentea fusin of self-cdibrated visud ser-
voing, robug lase stripe scaning ard objed modédling o
enabé ou experimentd humanod robd to locae ard
grap boxes in its worksm@ce The sgnificance 6 our sys-
tem is tha targetobjecs ma be a priori unknown ard
are paraneterisel during the graspig task Range daa
from the scane is segmenttand ftted with plane usig
estdlished techniques ard we devebp a nove algorithm
for fitting a rectagula prism to the segmentk daa. H-
ndly, we cevelop a grap planng tha exploits known
geometrc propeties d the box to smplify planning.

The systen is curertly restrictel to modding rectan-
gular prisms In future wok we interd to incluce primi-
tives sut as cylinders spheresard even conpound ob-
jecs sud as cups ad batles ead with speciaized grap
planners The issile d obstacle avoidase mus be a-
dressal by implemening a notion planne to ensue tha
the am avoids ary cdlisions while moving from the ini-
tial postion to the targe grip ste. Findly, the curert im-
plementtéion only uses a dead reckoning servong stra-
egy, ornce theobjed is locdized from the range datait is
no longe tracked In future wolkk we interd to explat the
colou ard geometig information in the texturel modé to
track the targe while servong, ard thus improwe graging
robustnass aml acaracy.
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