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Abstract

Previous works by the authot¥Vei et al, 2003;
2004 have developed a simple bearing-only con-
trol law for a mobile robot with demonstrated con-
vergence to a unique final pose and orientation.
Here, we use a time-varying weight strategy to first
draw the robot towards a known “good” starting re-
gion and then a second set of weights is used for
docking. This strategy allows the robot to dock
successfully from a wider range of initial positions.
Experimental results demonstrate the method and
show an unexpected bonus: the docking accuracy
achieved is significantly better than the previous ap-
proaches.
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pointing towards each landmark. The average landmark vec-
tor at the homing position is stored and used while homing.
The stored vector is repeatedly compared with the current av
erage landmark vector, and the difference results in a itgloc
vector. This velocity vector has been proven to give stable
convergence to the home positifilambrinoset al., 2004.

An Improved Average Landmark Vector model (IALV) was
proposedUsheret al, 2002a; 2002k which employs the
bearing feature as well as range information (which is ab-
sent from the original ALV model). This model was used
to drive an experimental mobile tractysheret al,, 2002a;
20024, demonstrating that the IALV model can be used for
successful homing. However, the 1ALV model requires the
use of a compass to estimate the vectors to the landmarks in
the global reference frame.

Previously, the authors have used a variation of the aver-
age landmark vector model, with a focus on trajectory shap-

Th | probl f stabilising th d orientatf
© genera problem ot Stablising the pose and orientarion ing for docking [Wei et al, 2003; 2004 In docking, we

a mobile robot is a key problem for mobile robotics. Given " _ i X o
wish to control the final orientation, as well as the position

limited on-board energy storage, docking for recharging is
g9y g g ging The average landmark vector model (as well as the 1ALV

vital for long-term operation of the robot. There are also a . . ; :
wide range of more general problems for which pose stabjlmodel) offers weak control over the final orientation and it

isation is a necessary building block. It is clearly dedieab tle or no contr.ol over the direction of approach. By con-
to have a simple and effective method for docking. A num-trast the Previous W(.)rk by _the authoid/ei et al, 2003;
ber of recent works have considered biological examples an _004 ’ explﬁ)lted t?_e singularity near a Iandmark to create a
biologically-inspired control laws for docking. In partitar, irectional “valley” in the cost function which ensuredmstg

the desert an€ataglyphis bicoloris capable of navigating F:ontrol over approach direct.ion and fingl orient_ation. This
with pin-point accuracy to find its way home after travelling is most appropriate for docking and ‘?‘Ch'eves h'gh accuracy
thousands of times its own body lendivehner, 2008 Ex- (= 19m). HOVY‘?Ve" a wgakness of thls apprgach IS 'that, for
periments with honey bees have studied homing behavioutta"tng (_:ondmons behmd_the docking station, trajeetor
in detail [Collett et al, 2002; Cartwright and Collett, 1983 can require sharp turns which the robot cannot execute.
and proposed anapshot modeb explain the observed be-  Hence, we extend the previous wolWei et al, 2003;
haviour. A simpleraverage landmark vectanodel has also 2004 to a Weighted Landmark Vector model, which permits
been proposed, which delivers similar performance with achanges to the contributing weights of landmarks so thaemor
more compact representatifitambrinoset al, 200J. Ana-  control can be exerted over the trajectory shape. The basic
log hardware implementations lend credence to the averagédea is to initially draw the robot to the centre of the room
landmark vector model as a biological systevtdller, 1999;  and then switch to the final, docking set of weights once the
200d. robot is in a more appropriate starting position. Section 2
The average landmark vector model uses a unit vector tbriefly analyses the properties of the average landmark vec-
denote the bearing information of each landmark. The avertor model, followed by a discussion of relevant cost funtsio
age landmark vector is formed by averaging the unit vectorsn Section 3. Section 4 describes the Weighted Landmark



measured relative to a body-fixed reference frame. In the ex-
perimental work discussed in Section 5 we use a panoramic
camera to determine bearings to visual targets. A landmark
vector is defined as the unit vector pointing in the direc-
tion of a landmark, expressed in the body-fixed frame of the
robot mobile platforn{Maoller, 2000; Lambrinogt al., 2000;
Hamel and Mahony, 2000; 20D2Suppose that in the fixed,
global frame(g) there aren, (n > 3) landmark points§; =
(%i,¥i), (i=1,2,...n). Assume additionally that the landmark
points are not co-linear. L&b) denote the body-fixed frame
which is attached to the vehicle with ksaxis aligned in the

<g> direction of robot motion and its origin at the referencenoi

&(x,y) (Fig. 1). In(b) the landmark bearings are expressed

0 X as unit vectors:

1(&—8&)

Figure 1: Model of unicycle-like vehicles. Framig) is a & =<
global, fixed frame whilg(b) is attached to the body of the whereR(8) is the rotation from(b) to (g) defining the orien-

Pi(&,0) =R(6)

®3)

robot. tation of the unicycle.
Vector model and the proposed control design and analysis. R(6) — ( cog8) —sin(6) ) . @
Finally, Section 5 presents simulated results for the wteigh sin(@)  cog9)

landmark vector model. Note that the observed landmarks(b) are a function of the

state(&, 0) of the unicycle.

2 SystemM odel SirEce tr)1e landmarks are expressed in the body-fixed frame,
The kinematic model for the mobile robot dynamics consid-they inherit dynamics from the ego-motion of the unicycle.
ered throughout this paper is that of a non-holonomic unicy-The linear velocity(u,0)T does not depend on the orientation
cle [Casalinoet al, 1994. Let (g) denote the global frame 6 since the dynamics fop;(&,6) are written in the body-
andé (t) = (x,y)T denote the reference point of the unicycle fixed frame(b). One has

n (g). The orientation of the unicycld, is given by the an-

gle between the vehicle direction and teaxis of (g). The Bi(E.0) = ( 0 w ) - (a—pip) ') < 3 ) 5)

kinematics of the unicycle are -0 0 & — €]
% = ucog ) The average landmark vectofALV) is defined to be
y: USiI’l(e) (1) [Mbller, ZOOG
6=w

n
6):=3 pi&.0). (6)
whereu is the linear velocity of the vehicle andis its angu- i=
lar velocity (Fig. 1).
The linear velocity of the vehicle is denoted =
u(cog8),sin(8))". It is useful to consider the related holo-
nomic kinematics

We use the notation developed in the parallel work by Hamel
et al. [Hamel and Mahony, 2000; 20pfor image-based vi-
sual servo-control of flying robotic systems.

{ E v The kinematics of the ALV are given by

] ) _
0=w g=wATq—Qu (7)
wherev € 02 is an arbitrary velocity input in the global
frame. Most of the initial work in the field of average land-
mark vectors has been implemented for holonomic control of A 0 -1 0= —bi p. v [ Y
mobile robots. “\1 0 ) Z &—& > P \o )
(8)
2.1 AverageLandmark Vector Model The ALV is expressed naturally in the body-fixed frame of
The sensor information available to the mobile platform-con the mobile platform. It is convenient to introduce a global
sists solely of bearing angles to landmarks in the envirarime frame representatiogy of g in the analysis of landmark fea-
that can be identified by the mobile platforms sensor systemsure vector properties. By constructiomy is independent of

where



the orientation of the unicycle and only depends on the relawhené # &. ThatisQ(§) = D?U (&) isthe Hessian dfl (£).

tive position of the landmarks to the vehicle. Hence,

{ pai(§) = ROIPI(E,0) = §=5 ©
Gg = Yit1 Pgi(€)-
The kinematics ofjy are
(8220w
where
=i () a1

is the velocity vector of the vehicle in the global frame. dlot
thatQ(¢&) is independent of the orientation of the robot.

3 Cost Functions

Following Moller [Moller, 200Q we define a potential func-
tion on Cartesian space by

U(E) =3 6l (12)

The functiorJ () is continuous but not always differentiable
on 0", In particular, the derivatives &f (¢) are not defined
at landmark points;. Nevertheless, it is easily verified that,
for non-collinear target ensembled,(§) is a strictly con-

The structure ofgp(&) is of considerable interest in the
development of control algorithms for both the holonomic
Eqg. (2) and non-holonomic Eq. (1) system models. To pro-
vide a rigorous analysis we exterqg{é ) to landmark points
as follows

@(&) = inf lim (&).

=4 (16)

The costp is smooth on all points that ## & and discontin-
uous at each landmark poi&t

Figure 2 shows the differences between the level sets of
the functions@(&) andU(&). Note that the level sets of
@(&) have a pronounced distortion close to each of the tar-
get points. This is due to the discontinuity in derivativeof
costU (&) at these points. Although the discontinuous-nature
of ¢(&) adds to the technical complexity of the analysis, it
is particularly helpful in docking. In Figure 2 the minimum
point of the costU (£) (and of(¢&)) is close to the topmost
target point. It can be seen that the robot, which minimises
the costp(&), will first converge to the valley associated with
the stretched form of the level sets@f¢ ) and then converge
towards the minimum. Indeed, in the limit as the minimum
approaches the target point the level set degeneratessirto a
gle direction. Consequently, the nature of the cost willinat
rally lead to a control algorithm that achieves both positig
and orientation control, since the direction of the trajeiets
leading in to the optimum will determine the orientationig'h

vex function and consequently has a unique global minimumyajiey in (&) and the resultant trajectory shapes are particu-

When well defined, the differential &f (¢) is given by
o &i—¢

D:U(&)=— E — = —0g. 13

'3 ( ) Z |EI _E‘ qg ( )

The potential functiord (§) provides a powerful tool in

larly useful in designing control algorithms for docking ma
noeuvres.

4 Weighted Landmark Vector Model

In the snapshot modednd ALV-like models, the landmarks

analysing the performance of a stabilising control based 0fy¢ |apelled by unit vectors by assuming that all landmarks

the landmark feature vectay [Moller, 2004. However, in
order to compute the potential, one requires knowledgeef th
landmark range relative to the frame of reference of thet.obo
This information that is not available to an on-line contbl
gorithm without resort to a compass. It is convenient to in-
troduce an error functiop(&) that can be computed directly
from visual information:

@&)=1a(¢,0)>=q"q=(qg)"ag, & &{&}.

By constructionp(&) is independent of the orientation of the
unicycle. It can also be written in terms of the derivative fo
¢ of the proposed potential functidh(&) :

¢(&) = DU (§) .
Recalling Eg. 13 and 10, one has

De (&) =204 Delg = —204" Q
—204' DFU(§)

(14)

(15)

contribute equally to the final vector. It appears that this
might not to be true for visual navigation of inse¢@ollett
et al, 2002; Lambrinoset al, 200qd. Drawing inspiration
from this, we propose that for visual homing of robots, one or
several landmarks may be more interesting than others. The
weighted landmark vector model permits adjustment of the
weights of the landmarks as needed. Here, we consider the
use of the time-varying weights for trajectory shaping. By
changing the weights of landmarks, the orientation and norm
of g is changed. Consequently the shape of the cost function
is controllable.

The proposed weighted landmark vector model inherits
characteristics from the average landmark vector modet Bo
of them use only the bearing information of landmarks. From
the panoramic camera image, the bearing of each landmark
is determined, denoted by a unit vecgrpointing from the
current location to the landmark location. Those unit vesto
are then multiplied by the landmark weights(t) (Fig. 3).
The weighted landmark vectay(x,y) is then computed by



(€)

Figure 2: The level sets ¢, cost functionp(é) and potential functiok) (£). (a) is the distribution of the value of norm of
(b) is that of cost functiorp(&) and €) is the level set of potential functiddh(&).
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Figure 3: Diagrammatic explanation of the weighted land-

mark vector model. The direction to each landmdrkis
represented by an associated unit vegior The weighted

this is not overly burdensome as relatively few landmarlks ar
used and, thus, identification is simple. For example, in our
experiments with two-colour blobs, one of the targets is-sim
ply placed upside down to distinguish it from the others.

As previously{Wei et al., 2003; 2004, the following body-
fixed frame control law is proposed:

v=4d. (18)
This simple control design has the property that the @o&}
decreases along solutions of the closed loop system. For
implementation, the weighted landmark vector is computed
each iteration and is applied directly as the vehicle contro
Note that it is not necessary to use a compass to convert to
the global frame, unlike the IALV model.

For fixed values of the weightsy;(t), the weighted land-
mark vector model analysis proceeds much al3/iki et al,
2004. The proofs can be extended in a straightforward fash-
ion.

4.1 Global Minimum

landmark vector is then the weighted sum of the unit VECIOrSy amma 4.1 [Lemma 3.2 inWeiet al, 2004] Suppose that

where each unit vectop; is weighted byai(t), a possibly
time-varying weight function.

summing all the landmark vectos(t) ;.

n

Zai t)pi(€,0)

q:= (7)

where a;(t) is the weight of feature of landmarg. The
weightsa;(t)(i = 1,...,n) form a (possibly time-varying) set
of weights. The cost functiorid (&) and (&) are redefined
using the weighted landmark vector as above.

Note that a requirement for the WLV model is that we can
identify or distinguish between the landmarks. In pragctice

there are n(n > 3) landmark points&; (X, Vi), (i = 1,2,...n)
that are not co-linear. Consider the potential functioid)
and the error functiorp(&) on 02, Then:

1. There exists a unique poiét in the convex hull of the
set of landmarkg ¢} such that

U(&)=minU(&)
&cn?
2. Ifé, A&, fori=1,...,nthen
(P(E*):O

andé, is a local minima ofp. Note that U¢&..) # 0.



3. If& #£&,fori=1,....,nthen 4.3 Weight Switching

IDgU (&) =0 As outlined above, the extension of the earlier work present
{ IDe@(&,)| =0. in [Wei et al,, 2004 to weighted targets is quite straightfor-
) ward. Now we wish to extend to time-varying weights, in
4. 1f& # &, fori=1,...,nthen order to achieve desirable docking trajectories. Cleddy,
{ D2U(&,) =Q(&,) > 0, arbitrary |_;[ime-varying weights, we cannpthguaran:](—':‘e conve
3 _ T gence. However, we can propose a weight-switching regime
De@l&) =2Q(8.)°Q(&) > 0. where an initial set of weights draws the robot to the centre
Proof: Part 1 follows direct]y from the Convexity of of the room and the second set is used for dOCkiﬂg. Given
U(&). Givené, #§& (i=1,...,n) thenU (&) is differentiable ~ Lemma4.1 and Lemma 4.2 above, we know that the trajecto-

até&. and it is clear thatDgU (&,)| = | — gg(&:)| = 0. As a ries are convergent for each phase of this two phase scheme.
consequence(£.) =0 and|Dg (&.)| = | — dg(&)TQ(E,) | = In practice, we wish to vary the weights in a continuous man-
0. This proves parts 2 and 3. To prove part 4, it is simply a€r to achieve smooth trajectories that are easier for thetro
matter of computing the second derivativebind@ at &, to follow. It is also intuitively clear that, for trajectas well
) T - away from target points and relatively short switching time
D:U(&)[n.u] = —Dg(n'dg)[Hl=p Qn (19)  the resultant trajectories will be well-behaved.
DFp(§)n,u] = —Dg(205"Qn)[K] (20) & Smulat 4 Exoeriment
mulations an Xperiments
= 247QQN — 2" o" (D¢ Q)N (21) P

At &, gg(&.) = 0 and the result follows. [ | 5.1 Landmark Weghts

Note that with appropriate choice of weights, the globalTo control trajectory shape, as well as the final homing ori-
minimum can be arbitrarily positioned within the convexlhul entation of the robot, a time-varying weight strategy is-pro
of the landmark positions. posed. Definax j(i = 1,...,n) as theji, weight set of the
landmarks. Initially, the mobile robot will be driven tovaar
4.2 Convergence the middle of the convex hull using the first weight set.
In order to prove a full convergence result it is necessary torhen, once the robot has been centred and is in a good po-
show existence of the solutions of the closed-loop system. Tsijtion to complete the docking manoeuvre, a second set of
deal with all pOintS in the Space we extend the vector ﬁ@ld WeightS,ai’Z’ is phased in. The second set of We|ghts is de-
onto landmark points using a limiting argument, aéWeiet  signed to drive the robot to the docking position. Mathemati

al., 2004. For a target poing; define cally, we write
) — %*|(E|) if |CIQ*|(E|)| >1 22 n
@ - ¢ S wt) ~ Sawn @)
Note that the vector field obtained in this manner is not con- =
tinuous at landmark points. ai(t) = aia(1-At)+ai2A(t) (24)
Lemma4.2 [Lemma 4.1 i Weiet al, 2004] Suppose that 0, t<to
there are n{n > 3) landmark points. Lef.. denote the global ot
minimum ofp(&) (c.f. Lemma 4.1) and H the convex hull of Alt) = Ty 0SS (to+Tswiten)  (25)
the set of landmark points. L&{(t) denote the solution to
; 1, t > (to+ Tswi
E _ qg(z) ( 0 SWItCh)
where g is given by Eq. 9 and 22. For any initial condition wheretp is the moment whemj(t) = Gihresh and Tswitch IS
& e Dz the switching period.aj 1 anda;j» are the sets of landmark
1. The solutiorE (t) existsvt > 0andé& (t) € H. weights in stage 1t(< tp) and stage 2t(> to + Tswitch) re-

spectively. Gihresh is @ threshold used to determine when to

2. The solutior€ (t) is asymptotically stable té,. That is switch andq(t) is the same as defined in Eq. 17.

E(t) — & ast— o,

3. If &, is not a landmark point, the solutiof(t) is locally 5.2 Simulations

exponentially stable tg.. That s, Fig. 4(a) and (b) show the effect of using constant (but un-

30,0,p>0,V& e H, |&—&| <9, equal) weights. By appropriate selection of the weights, we
E(t) — & < peto. can make the mobile robot converge to any location within
- the convex hull of the landmark points. In Fig. 4(a), under
The proof for the weighted landmark vector is a straight-the constant weight control law, the trajectories conveiige
forward extension of the proof containedWeietal, 2004.  a central position, far from landmark points. However, the
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Figure 4: Simulations of trajectories using constant weidthe level sets of the cost function are also shown). (@uted
trajectories when using constant weight setaff 0.7, a> = 0.7, a3z = 0.4]. The set of weights makes trajectories converge to
a central zone of the convex hull. (b): Simulated trajee®ihen usingd; = 1, ap = 1, az = 1.25]. Trajectories converge to

a much closer area to the landmark 3. Notice that the shape afdnvergence zones are different when using differeatafet
weights. Also, note that in (b) trajectories approachiranfithe side of the docking station (the two rightmost stgrpinints)
make an abrupt turn just before docking. The aster{sksn the figure denote the starting points of the trajectori@hese
simulations use the same landmark configuration as thaeadc¢tual indoor experiments.)

orientation of the trajectories in the final positions is dep  of the robot in Fig. 7) is used to capture omni-directional im
dent on the starting position (this is because the orienmtati ages. An example image is shown in Fig. 8. A relatively sim-
of our unicycle robot is determined by the final direction of ple visual processing algorithm is then be used to determine
travel). Fig. 4(b) shows that, under another set of weighds, the positions of the blobs in the image. The blob positions
jectories converged to the docking position which is clase t then directly give the unit vectors representing the landima
landmark 3. The trajectories converge within a narrower ori directions (Eq. 3). Note that no unwarping of the image is
entation range, suitable for docking. Unfortunately, thtt)e-  required and that no coordinate transformation is necgssar
jectories coming from behind landmark 3 turn too sharply assince the centre of the camera (and, hence, the centre of the
they are very close to the docking position. This turn causeimage) is located at the robot coordinate frame (the ceritre o
problems in controlling the final orientation and, furthem®s,  the robot).

the robot may not be able to turn so sharply. This sharp turn Colour blob detection or segmentation has a long his-
has motivated the use of time-varying weights and the strattory of research and there are many papers and research re-
egy of first moving the robot towards the centre of the roomsults (e.g.[Duda and Hart, 1973; Soille, 2003; Russ, 1995;
and then performing docking. Darrelet al, 1998; Granget al., 2004). But most of meth-

Fig. 5 shows the simulation results employing the propose@ds or algorithms mentioned in these papers are somewhat
weight-switching strategy. Initially, the trajectoriek eon-  complicated or computationally expensive and focus detec-
verge to a central zone, far from any landmark point. Thention of a single colour. In this article, we use a straightfor
using the proposed time-varying weight function, the seicon ward algorithm which gives good recognition reliabilitydan
set of landmark weights is phased in smoothly. Finally, tra-is faster.
jectories converge to the final docking position, using #®s  To give some measure of invariance to illumination, we run
ond set of weights. Smooth trajectories can be seen from thgyr blob detection process in the YUV colour space rather
simulations in F|g5 The final orientation of trajector'dis- than RGB space. A|though in YUV space the result could
tributed within a narrow angle range. still be influenced by variations in illumination, currenit’s
robust enough. If required by further research or applicati
we can easily shift our work to another more robust colour
space (e.glMintenet al,, 2001).

The blob detection consists of three steps:

5.3 Experiments

To verify the weighted landmark vector model experimen-
tally, it was implemented on the ANU XR4000 robot (see
Fig. 7). Bi-colour targets are used for easy visual recogni-
tion, as can be seen in Fig. 7. A panoramic camera (at the top1. Thresholding The first step in the image processing is
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Figure 5: Simulation result using the proposed weight-shiitg strategy. The sets of weights used are the same asgfos Fi
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Figure 6: Experimental results showing the trajectoriefbexecutions of the two-phase approach to docking, frdfardint
starting poses. Note how the robot is pulled to the centra®fdom initially and then switches to the docking phase.




to threshold the input images from the camera to give
a trinary image. Two thresholds are used; one for each
colour of the target. Thus each pixel is given three possi-
ble values: background, target colour 1 or target colour
2.

2. Blob Extraction Next, to eliminate most of the noise
points and erroneous blobs, we repeated “grow” and
“shrink” the blobs. This process is also known as di-
lation and erosiofSoille, 2003. This helps to reduce
disturbances from noisy pixels.

3. Centroid Computation Finally, we group the non-
background pixels into blobs. Each blob is then checked
to see that it is approximately half target colour 1 and
half target colour 2. Blobs with incorrect ratios of the
two colours are rejected. The centroid of each valid blob
is extracted to give the target position which is used byFigure 7: ANU XR4000 robot used for the experiments, with
the controller. omni-directional camera on top.

Fig. 6 shows the experimental results for the proposed
weighted landmark vector model. The same weights used
for the simulations were used for the real experiments; ini-
tial set: o171 = 0.7, a1 = 0.7, az1 = 0.4] and final set:
[a12=1, 22 =1, a3 = 1.25]. The switching threshold
used waShresh = 0.06 and the switching period used was
Tswitch= 10s. The experimental results again demonstrate the
initial convergence to a central zone, followed by sucadssf
docking. Note that the simulated trajectories of Fig. 5 are i
close agreement to the experimental results of Fig. 6.

Fig. 9 shows a close up of the final poses and orientations
that the robot achieved. The standard deviation in the final
poses of the robot is.R2cmin the globalx direction, 065cm
in they direction and &° in orientation. The deviation in
the x direction is slightly less than, and the deviation in ori-
entation is significantly less than the constant weight Bxpe
mental results achieved previou$lyei et al,, 2004. In [Wei , . o
et al, 2004, thex standard deviation is.88cmand the ori- Figure 8: An example image from the omni-directional cam-
entation standard deviation is48. The improved docking era.
accuracy can be explained by the better starting positions f

the final docking phase. avoided the sharp turns near the docking station (Fig. 4(b))
In summary, both the simulated trajectories and experiwnhile converging with the final docking position and orien-

mental results demonstrate the effectiveness of the peabos tation well controlled. In fact, the proposed method achgev

weight-switching method in achieving high accuracy dock-petter docking accuracy than previous works.

ing from a wide range of initial conditions. The experiménta  \5te that, despite the complexity of the analysis in Sec-

results are particularly impressive, given that a low-@® 55 2 and 5.1 above and [iWVei et al, 2003; 2004, the

relatively inaccurate panoramic camera is used as the Sens‘?mplementation of both the average landmark vector model

. . . and the weighted landmark vector model is straightforward,
6 Discussion and Conclusions requiring little computation. In fact, with the use of the

In this paper, a novel Weighted Landmark Vector model wagpanoramic camera, there are not even any coordinate trans-
proposed. It is derived from biomimetic models of visual formations required. Perhaps the low computational requir
navigation in insects. Using the weighted landmark vectorments are unsurprising since the approach has been inspired
model, a control algorithm for mobile robots was developed by the apparently similar models used by diw&hner, 200B
Simulation and experimental results demonstrate the poweand beegCollett et al, 2002; Cartwright and Collett, 1983

of the weighted landmark vector model, in that it allows shap However, it is gratifying to be able to prove mathematically
ing the trajectories that the robot follows. Here, we haveand experimentally that a biomimetic model is applicable to




Graph of final positions and orientations posed here for switching between sets of landmarks. Unfortu
[ nately, experiments to prove or disprove this hypothesih wi
any degree of confidence are likely to be infeasible. How-
15) ever, the simplicity of the weighted landmark vector model i
; appealing and the experimental demonstration with thetrobo
; supports this hypothesis.
AL
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