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_Abstracthe present_a_robust strategy_for docking a mo- o R NN N1 1177712722222
bile robot in close proximity with an upright surface using NN N N A R A ARttt
optical ow eld divergence and proportional feedback control. NN NN NN A Sttt
Unlike previous approaches, we achieve this without the nee NN R R
for explicit segmentation of features in the image, and usig NN Rt ettt
complete gradient-based optical ow estimation {e. no af ne insnsnbububa bbb LI
models) in the optical ow computation. A key contribution T T T IIIIIIl Dl e——————  eoR
is the development of an algorithm to compute the ow eld e e —
divergence, or time-to-contact, in a manner that is robust ¢ bbb A A G NNy
small rotations of the robot during ego-motion. This is doneby et A A NNy
tracking the focus of expansiorof the ow- eld and using this to 222222222 f ; 5 ; j i 5 : : : : : S SEESSEES
compensate for ego rotation of the image. The control law use A AR R T B NN NN
is a simple proportional feedback, using the un Itered ow eld A Y R R R R R RN
divergence as an input, for a dynamic vehicle model. Closed- b A NN M N S e

loop stability analysis of docking under the proposed feedéack

!s provided. Performance of the ow eld inergence algorithm Fig. 1. Diverging optical ow vectors and the focus of expiams(FOE)
is demonstrated using off-board natural image sequences,nd

the performance of the closed-loop system is experimentsll
demonstrated by control of a mobile robot approaching a wall

Index Terms—Image motion analysis, optical ow, time-to- eld d'Ve“,Jence- This image e)_(pan§|0n, h”om'”g eﬁeqt{s .
contact, focus of expansion, robot vision systems. characterised by ow vectors diverging from a single poimt i
the image known as the focus of expansion (FOE), as shown
in Figure 1. The use of visual motion to gaugeis well
l. INTRODUCTION supported by observations in biological vision. Srinivasa

OCKING is an essential capability for any mobile robo#l- [19] observe how honeybees use visual motion to decelerate

D seeking to interact with objects in its environment. Task&d perform smooth graze landings. Lee [6] theorised that a
such as plugging into a re-charging station, pallet liftiog human driver may visually control vehicle braking based on
transporting goods on a factory oor are common tasks re-estimation obtained from image expansion.
quiring some form of docking manoeuvre to be performed. Of Optical ow and ow divergence are commonly used to
particular importance is the control of the robot's decatien €stimate for obstacle avoidance [12], [1], [2]. Few, however,
to an eventual halt, close enough to the object that theaioterhave applied optical ow to tasks requiring ner motion
tion may take place while also avoiding collision. To aclievcontrol such as docking. Cipolla and Blake [2], for example,
this, the robot must acquire a robust estimationtiofe-to- Measure using divergence computed from the temporal
contact( ), and control the robot's velocity accordingly. Thederivative of the moments of area for a closed-contour regio
accuracy and robustness of theestimate is therefore crucialof the image. The estimator is shown to be suf ciently
to the stability, and safety of the robot in performing thesk. robust for closed-loop control of collision avoidance arald

For a single, forward-facing camera approaching an uprigp,lcamera—mounted robot arm. The authors note, however, that
surface, a common method of estimatings to measure the Performance degrades signi cantly when in close proximity
image expansion induced by the apparent motion of the surfA¥ith the target surface due to a break down of the assumed

towards the camera. This can be obtained from the optical off N& motion. Examples where visual motion has been applied
explicitly to docking include Santos-Victor and Sandinb[l
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reliably nding closed shapes when at close proximity witttamera stabilisation during ego-motion, no one has applied
the surface [2]. such an approach to tasks requiring ne motion control (such
An alternative approach is to compute from general as docking), nor provided a theoretical analysis suppgitie
optical ow. Methods for estimating general optical ow ds advantages of such a strategy, and its potential use foraont
from local image regions, such as proposed by Lucas andn this paper, we present a robust strategy for docking
Kanade [8], require na priori knowledge of scene structure,a mobile robot in close proximity with an upright planar
and therefore, no segmentation. In general, for systems sg@rface using optical ow eld divergence. Unlike previous
as road vehicles, optical ow is often used for other funoip approaches, we achieve this without the need for explicit
such as a general sensor for salience to detect moving Isazaghmentation of the surface in the image, and using complete
over the whole scene, as well as for particular funCtiO@adient-based optical estimatione( no af ne models are
such as obstacle detection. Afne approximations of imaggsed to estimate the optical ow eld) in the control loop. In
motion are not adequate for this type of general use, aggddition, we require only a simple proportional control law
having multiple methods for calculating ow is implausibleto regulate the vehicle's velocity, using only the un ltere
on restricted embedded hardware. A key requirement for gw eld divergence as an input. Central to the robustness of
robust docking control is a estimation algorithm based onour approach is the derivation of aestimator that accounts
general optical ow computation. for small rotations of the robot during ego-motion through
In much of the previous work with divergence-based tracking of the FOE. We provide a theoretical justi caticor f
estimation, divergence is measured at the same imagedacathe constant tracking of the FOE as a means of accounting
in each frame [1], [12], [3]. This, however, ignores the effe for not just the physical misalignment of the optical and
of FOE shifts on the divergence measure across the imaganslational axes, but also frame-to-frame shifts of tptcal
Mobile robot ego-motion is rarely precise, and even wheekis due to instantaneous rotations during ego-motion. The
only translational motion is intended, rotations will begent. proposed control is designed for the full dynamics of a viehic
Small directional control adjustments, uctuations inedition making the results applicable to a wide range of autonomous
due to steering control or differing motor outputs, bumpsbotic vehicles. A simple proportional feedback, using th
and undulations along the ground surface, and noisy optig@mputed ow divergence error as the driving term is chosen.
ow estimation will all cause instantaneous, frame-toAfi@ The control is simple to apply but leads to singular, noredin
rotations of the robot. As such, the optical axis will be ®abj closed-loop dynamics of the vehicle. A full theoretical lysis
to small rotations about the predominant direction of nmtiojs undertaken that proves stability of the closed-loopesyst
As a result, the FOE is unlikely to be xed with respect tainder ideal conditions. We present off-board and on-board
the image centre. Given such rotations are likely to be smalperiments demonstrating the application of this stsateg
with respect to the robot's forward motion, the predominamie task of docking a mobile robot. Note that this paper
direction of motion should remain constant. Therefore, txtends preliminary results rst presented in [10]. Here we
ensure consistency in estimates over time, we argue thaprovide additional experimental results, and a full anialys
divergence should be measured with respect to the FOE, ané system's closed-loop stability.

not the image centre. ) . The paper is structured as follows. Section |l provides
Robustly estimating when the optical and translationheoretical background, and the derivation of the proposed
axes are not physically aligned has been examined preyiougloE-pased estimator outlined above. Section 11l provides
Subbarao [20] considers with surfaces of arbitrary orien- analysis of the technique's stability for the closed-logmc
tation, for a camera of arbitrary alignment with respect tQo| of a mobile robot during docking. Section IV describes

the direction of motion. Subbarao, however, does not censidy|| experiments conducted, and results achieved. Section V
the effects of instantaneous rotations during ego-mo#me, concjudes the paper.

therefore assumes the point of interest lies along the asner
optical axis. While a xation-based strategy such as thatus
by Questaet al. [13] can keep the target point centred, a
mobile robot is unable to achieve this without additional
hardware support. In many cases, such hardware is undvaaila’&) Background
to facilitate high speed xation. ’
An alternative approach is to account for instantaneousfFlow divergence is measured by examining the partial
rotations in the image domain, by tracking the location & thspatial derivatives of image velocity components in orthog

FOE. Van Leeuwen and Groen [22], [21] consider the use ghal directions at a given image location. This measure is
FOE tracking to correct for the physical misalignment of theommonly de ned as:

optical and translational axes as a result of the cameratrob ) )
, : ) o @ey)  @eKy).

con guration. However, while accounting for the constant D(x;y) = + ; (1)

physical misalignment of these axes, they do not extenddbe u @x @y

of FOE tracking explicitly to the removal of small frame-towhere (x;y) is a point in the image, andi and v are

frame rotational effects during ego-motion, nor do theylgppthe image velocity components in the and y directions
directly to control the vehicle's velocity. In general, Whi respectively. Time-to-contact Y to a point along the optical

previous work has considered the use of FOE tracking faxis of the camera can be measured from ow divergence, and

Il. THEORY
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Fig. 2. Geometric con guration
is commonly de ned as [3]: coordinates(x;y) [14]:
z 2 Zy
—_— = 2 Z(XY)= v 4
T D (Xo; Yo) 2) xy) 1 an_x bfy_y 4)

where Z is the distance to the object in the direction O\fzvherefx andf, are focal lengths expressed in pixels.
heading, andl, is the velocity in this direction. Note that

for the typical scenario of a robot approaching a surface, weGiven a xed camera with respect to the robot's direction of
measureZ > 0, andT, < 0, thereby decreasing the value oimotion, we represent the translational velocity of the came
Z as the robot approaches. In particular, the divergénee0 T, as proportions of the forward translational velocify, of

is negative for a diverging ow eld and is de ned to be the robot:
positive. The above relationship betwderand , assumes the

heading direction is aligned with the camera’s optical aats Te= To Tr Tro ®)
the image centre(Xo; Yo). The camera's angular velocity {) is given by:

Flow divergence is constant across the image plane if the L= | | )
surface plane is perpendicular to the camera's optical axis T X Ty Tz ©)

(i.e. fronto-parallel with the image plane), and can therefoighere each component represents rotation about the axis

be calculated anywhere in the imaged area of the surfaggiicated by its subscript. Figure 2 shows the geometric
If precise fronto-parallel alignment with the docking ptais  con guration.

not maintained then further image deformation is introdijce

causing the measured divergence to vary across the prbjecteThe optical ow induced by the apparent motion of the

surface [20]. docking plane is de ned by the well known equations [15]:
Given instantaneous rotations during ego-motion, precise "

surface alignment is unlikely to exist. In the image domain, u(xy) = fy Tf(fx_x )
such effects are characterised by frame-to-frame shifthef ' Z(x;y)
FOE, causing the divergence at any given image location « 2 #
to vary. As a result, (2) is unlikely to provide an accurate + 1 X_y ly(1+ _2)+ ! zl ()
estimate of in the presence of such rotations. To improve fxf f fy
estimates during ego-motion, accounting for rotationtdaté B
is essential. T )
v(xy) = fy Z(Xy.y)
#
I S . )
B. Derivation of proposed time-to-contact estimator Pl y? y& ! zi ®
The analysis presented here extends on the geometric mod- ff fxfy fx

elling used by Santos-Victor and Sandini [15]. As in [15], We here u(xy) and v(xy) are the horizontal and vertical
represent the docking surface as a plane in a camera Cenggfiponen’ts of motion’

coordinate system:

Z(X;Y)= Zo+ aX + bY: 3) Let us now consider the effect_s of rot{;\tion, cg\using the FOE
to shift with respect to the optical axis. Léx%y% be an
where Z, is the distance to the surface along the opticalrbitrary point in the image representing the FOE. We de ne
axis, X and Y represent points on the surface, aacand the depth of the surfac& (x;y), with respect to the FOE:
b give the slant and tilt with respect to the optical axis. By 0.
. | OPHC . Z(x%y)
introducing the perspective projection equations intq {8 Z(x;y) = 0 LR
surface plane can be expressed as a function of the image 1 a~— b%

9)
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Substituting (9) into Equations 7 and 8, we obtain: the scene point projecting to the FOE:
0. 0 0
ucy)= L fa) Al x) By ¥9 Z(x%y9) _ SO 5
Z(x%y9 fx fy Ty Doe fx y
Xy x? y 3Z(x%y9) Ixy? 1yx°
+1,= 1y(fx+ =)+!,=~; (10 19
Xfy y( X fx) fol ( ) DfoeTr( ) fy fx ( )
Using Equations 14 and 15, we substitute fgr and!  in
vixy) = Ty fy) ax x% by y9 (19) and thus remove both rotations from (19) such that:
, Z(XO; yO) fx fy o " o o
! Y, XX 205y _ l+a =+ +b L+
+ Ly (fy+ W) .yi 'ZK' (12) T, Dioe( ) fy y
023
Given the optical ow at the FOE is zero, substituting for 3 (x%y+ f,fy + x40 + %)
x = x%andy = y° provides the following constraints on the X0 x * f+ X2+ 15
optical ow at the FOE: Y e
| VT e 4@
_OT(x® f) o, xy0 x® y°. s e X (20
= WJ'!X? !y(fx*'i)+ !ZE' fyZ(x%y9 7 fy  fx
(12) Notably, the removal of , and! y introduces a term involving
_ Ty fy) 1 (fy+ ﬁ) ;X0 xO camera roll { ;). If required, techniques for roll removal such
T Z(x%y9 Y T g T as that of Hanada and Enjima [4] can also be applied without

X

(13) prior knowledge of the rotation.
If T, is aligned with the FOE, then (20) gives a precise
4 measure of . In the presence of rotations, this assumption

f, T, 0 x@ yO is unlikely to hold. However, considering a docking scenari

Iy = XBy0 m(x fx )+ 1y(fx+ f—)+ ! ¢~ 5 for a nite sized robot, the presence of small instantaneous
Y X y rotations will also mean that the precise point of impact is
(14) unlikely to be known. Given that the FOE provides the only

Solving for! x and! y, we obtain:

1 T location in the ow eld where rotation is accounted for,
by :f N an ﬁ) z(xoroyo) xq0 + fyX0+ we can consider (20) to be a reaso_n_able approximation of
Xty Tz " f7 ’ # (referred to astoe) under these conditions.
fey @ 0. VB  x2yO Time-to-contact for a ground-based mobile rob&onsider
fxfy + ; b,y + - (15) Equation 20 for the case of a mobile robot, moving on a
y y xly

ground plane towards a visible planar surface. Given a xed,
approximately forward facing camerbh;, will be negligible,
and can therefore be set to zero. In addition, the camera
orientation parameters with respect to the heading doecti,

and , can also be set to known values¥ =0; =1).

Taking the partial derivatives of Equations 10 and 11 iirom these sugstitutions, (20) is reduced to:

their respective directions, and again substitutingxfar x°,

_ 0 . : N 1 ax® by’ 3

y = y°, we obtain the partial derivatives at the FOE, dened ;.. = 41+ 22+ 2L > - S5: (21)

as: foe fx y (’;7+ ¥7+1)
@u = _ T a X_O + +1, y_o I 2, Note that the only potential unknowns in (21) are the surface
@xfoe  Z(x%y9) fx fy S orientation parametera:andb. Given some directional control

(16) maintaining an angle of approach with the surfaceshould

@v _ T, b ¥, .y X be known, and an upper and lower bound is likely to exist for
@vyre  Z(x%Yy0) fy Ofy T the surface orientation parameters, and hencesfer.

(17) Constraints on rotation:The requirement for the FOE to
. h btain th d di h lie within the image plane provides a natural constrainthen t
Summing these, we obtain the ow eld divergence at the,qe of Equation 21. Perhaps most important is the limitation

FOE Droe): this imposes on the magnitude of rotation allowable. If too
T, X0 yO large, the FOE will no longer exist within the image plane.
Dioe = Z%y9) a + +b f, + 2 Let us consider the maximum rotation to be that which
I y0 1 xO causes the FOE to shift to the edge of the image planek Let
+3 2Dy (18) be the 1-dimensional shift of the FOE from the image centre to

fy fx the image edge. For a ground-based robot with forward facing
and from this we obtain an equation for the relative depth chmera, and rotation only about the Y axis ), we consider
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only horizontal shifts of the FOE, and thus re-write (12) asand hence

2 zW=exp 2 7 25
ZTE—II:):!V(fX+If(_): 22) H=exp — 0 (25)
X Choosing the reference divergenbgs < 0, corresponding
From this, an upper and lower-bound on rotation is obtaineg an expanding image as the robot approaches the wall, it
T,k | T k _ (23) is clear thatZ(t) ! 0 exponentially. The velo<_:it3ﬁr (t)_is
7Z(k)(fx + %) Y 4Z(k)(fx i %)' bounded and also converges to zero exponentially. Thidtresu

was discussed in Srinivasa al. [19] for honey bee landings
It can be seen in (23) that ds increases, oZ (k) decreases, and has been a key motivation for most of the TTC based
the bound on rotation widens. Thereforgt, must be kept docking and obstacle avoidance algorithms [13], [3], [1].
suf ciently high to ensure the FOE lies within the image @an | practice, exact tracking of reference divergence is isapo

may not exist.

Constraints on angle of approach (surface orientatioAs F =K (Drr D(1): (26)

mentioned earlier, the surface alignment parametemdb The feedbacks will adjust the velocityT, to force D (t)

in (21), may not be known. It is important to note, howevety track the referenc® . For large gaink 0 then the
that the existence of the FOE within the projected surfa@sdqe|ative tracking error will be small and the closed-loopteyn
enforce some constraints on the range of possible a”glestr%]ectory should be close to (25). However, the actualedes
approach. At extreme approach angles, the FOE is unIiker|gbp system dynamics are complicated by the non-linear

exist at all as the distance from the surface becomes in niB%pendence dd(t) on the distanc (t) (2). Substituting (26)
along the axis of motion. Therefore, ensuring the FOE always;, (24), one obtains

exists within the projected surface target area should taiain

an approach angle that is within stability limits. This mésoa Z=T, Z(0)= 20> 0, (27a)
be used as a means of assessing the achievability of the task. K 2T,
Te = — Dret — ) T: (0): (27b)
m A
Ill. CLOSED-LOOP ANALYSIS Here we demand thafy > O is positive in order that the

. L ; underlying physical assumptions in the image model arel vali
The goal of this section is to consider the closed IOC]Phe authors have been unable to nd an analytic solution to

behaviour.of a vehicle where the cqntrol input is generat?97) however, the following theorem proves that its sok
by proportional feedback of the ow divergence. The anaiyshavé the des’ired qualitative behaviour. Note that 1

is undertaken for a full dynamic vehicle model to provide. oo : . .
the most general results. Velocity controlled mobile mbogsmgularlty in (27b) complicates the analysis consideratil

S |
can be dealt with in this framework by introducing a virtua he limit poth' o _ )
dynamic state into the control law implementation, as is 1heorem 3.1:Let (Z(1); T;()) denote the solution of the

done for the experimental results that we detail in SectigoSed-loop dynamics (27). Assume tiiags < 0. Then there
IV. The control is implemented as proportional feedback &XIStS @ imeT > 0, possibly in nite, such thalZ (t); T: (1))
the measured divergence and notto avoid possible ill- €Xist and are bounded, ang(t) > 0, for all t 2 [0;T).
conditioning associated with inversion of a measured tigia MOreover, one has

that may be close to zero. Consider the system lim Z(t)=0; lim T,(t)=0:
t T tr T
Z=T Z(0) = Zo; (24a) Proof: The ODE (27) is smooth and non-singular on the
mT. = F: T.(0)= To (24b) domainZ > 0 and hence there exists a tirfie> 0, possibly

in nite, such that the solutiofZ (t); T; (t)) is well de ned on
wherem > 0 is the vehicle mass; is the force inputZ is t 2 [0;T).
velocity of the robot orthogonal to the wall. For the purpsgenicle is initially moving away from the wall. The control

of the theoretical development, we assume a fronto-paralig,t (26) is negative for alll; (t) > 0. Consequently, the
approach angle. We discuss the more general case in rem%ﬁ.ﬁécity will decrease untilT, = 0 while Z(t) > 0 will

at the end of the section. increase during this period and (27) will not pass through a
Let Drer be a constant reference set-point for the owsingularity. The negative driving referenBges will continue
divergence. Recalling (2), if the measured divergence to drive the velocity negative and there must be a subsequent
2T, (t) time 0 < to < T such thatT,(tp) < 0, Z(t,) > 0. From
D(t) = A0) D ref this point on we will ignore this initial transient and assam

) ) without loss of generality thaZo > 0 and T, < 0 in the
is exactly equal to the constant reference divergence at @lnainder of the proof

times along the closed-loop trajectory, then substitutirtg

(24a) one obtains We continue by proving that i, (0) < O thenT,(t) < O

D ref forall t 2 [0; T). The proof is by contradiction. Assume the

=74 converse; that is, there exists a rst timgsuch thafl; (t1) =
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OandZ(t;) > O (the cas& (t1) =0 while T, (t1) Ois dealt is strictly monotonic increasing as function of time, and we
with later). Since the solution of (27) is at lea3t att; ((27) can think ofs as a pseudo-time variable. Changing variables
is non-singular foiZ (t1) > 0), then for all > 0 there exists in (28) one obtains

> Osuchthat <T,(t)<Oforallt2]t; ;ti).Since dT. KT Ke SD
Z(t) is monotonic decreasing faF. < 0, (27b) yields L r ref. (29)
ds mT,
T — Dyt % Consider the storage functidn= mjT,j?=2, then
m 1
d. _ _ dT, _ L .
Choosing <  Z(t1)D=2 shows thatT, 0 on [t; ds Tr ds 2KT; Ke ®Drr  2KjTij+ ju(s)]

1) and hencel; (t1) < T,(ty ). This contradicts the |\, o u(s) = Ke SD is viewed as an exogenous signal.

gtsr Tcﬂ?%ﬂlggétg:glgg:retgi?; (t())n<th21 %mg?etr:tgg/%lz[(()t)'rl)s From Theorem 1, Sontag and Wang [18] it follows that (29) is
y 9 ' 7" input-to-state-stable (ISS). Moreover, sings) is a bounded,

A similar argument can be used to show that an asymptofjgy mnotically stable input signal to an ISS system, then
solution such thalimy, 7 Z(t) = Z(T) > Oandimu v Tr = jimy ., T,(s)! 0[17]. This proves thalim 1 T (t) =0
0 is impossible. The proof is by contradiction. Assuming th%tnd'completes the proof. ' -

such a solution exists, then for all> 0 there exists &1,
O0<ty; <T,suchthat <T,(t) < Oforallt2[ty;T). The complexity of this proof is associated with the dif -

Once again (27b) yields cult nature of analyzing singular differential equatioitie
K 5 singularity in (27b) that occurs & = 0 makes it impossible
Te — Dreft 00— to apply standard stability arguments. The approach taken i
m Z(T) the proof of Theorem 3.1 cannot preclude the possibility tha
Choosing <  Z(T)D =2 shows thafT, (T) < T,(t1) and convergence occurs in nite time, an outcome that appears
contradicts the assumption than,, t T, = 0. unlikely given the exponential nature of (25), a limiting

Next we prove thafl, (t) cannot escape to in nity before solution for the case when the gald 0. The authors

Z(t)! 0. The proofis by contradiction. Assume the convers&elieve that for any gairk > 0 the solution is de ned on
that is, there exists a rst timg such thatimg , T, = 1 [0;+1 ), however, we do not have a proof for this result.

andZ(ty) > 0. Thus, for allB > 0 there exists > Osuch  Theorem 3.1 is proved for the case where the robot
thatTi(t) < B forallt2 [ty ;ti). Then (27b)yields  approaches the wall fronto-parallel. Letbe the angle of
K 2B approach with respect to the surface normal. In practice,
k> m Drer + Z(t: ) Theorem 3.1 is valid also for arbitrary constant angle
=2. Dene T, = cos( )T; to be the component of the

ChoosingB >  Z(t;  )Dr=2 ensures thal: > 0 on robot velocity orthogonal to the wall. Equation (27b) can be
[ta ;t1) and henceT,(t;) > T,(ty ). This contradicts rewritten

the assumption and it follows that (t) is well de ned for all

Z(t) > 0. T = %(Dref D(1))

We have shown thal, (t) can only become unbounded at 1 cos()K 2cos()T,
the point wherez ! 0, and if its limit at this point is well = cos() _m D ref —
de ned, then it follows thafl, is bounded offi0; T). Moreover, ) ]
sinceT; (t) < 0 on the whole interval0; T) then the solution 'NUS Since is constant one has
of the ODE is de ned for allZ > 0. SinceZ is strictly _K° D 2T,
monotonically decreasing d0; T) and cannot have a positive “m et 7

limit, it follows tha-t lime 7 Z(t) =0. , with a new gairk °= cos( )K . The dynamics of this system
 The nal requirement of the proof is to show thatyre equivalent to those studied in Theorem 3.1.

limy 1 T, (t) =0. To prove this we compute the rst integral

of (27). ForZ > 0 andT, < 0 one has The authors believe that for smoothly time-varying, with

d dT. dz  dT bounded derivative, and bounded away fron? the system
i = d_Zrd_ = d_Zr r will have the same qualitative behaviour shown in Theorem
t t 3.1. The bulk of the above proof will hold in a straightforaar

thus (27b) may be rewritten as a differential equation in th@anner, however, a full analysis is considered beyond the
variableZ scope of the present paper.

dl = L ref Zl Tr(Zo) < O (28) The analysis in this section is undertaken in continuous-
dz mT, z time although the real-world control signals will always be
Furthermore, sinc& (t) is monotonic decreasing on the timeapplied in discrete-time. For a suf ciently fast time-sding
interval [0; T) we know thatT,;(Z) < Ofor all 0<Z <Z (. then the discrete system should inherit the same stabdithe
We introduce a change of variables log(Z) on0<Z <  continuous-time system. Characterising how fast the sampl
Z, to get rid of the singularity in (28). Sincg(t) is strictly must be to guarantee convergence is beyond the scope of the
monotonic decreasing on the inter{@ T), s:= s(t) ! +1  present work.
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IV. EXPERIMENTAL RESULTS The initial distance in both sequences w@m. The average

In this section, we present four sets of experiments demdffocity of the camera depicted in tlim?ming bUSh_ sequence
strating the performance of the proposed FOE-basestima- IS approglmat_el)/lSCm per frame (ka—hr), and20:5cm per
tor to the task of docking. We provide results from simulatio frame (8:5km=hr) for thelooming bricks sequence

off-board image sequences, and from the technique's applic Flow divergence was estimated from optical ow vectors
ithin a single51 51 pixel patch centred on the estimated

tion to the closed-loop control of a mobile robot performin%‘f , )
a docking manoeuvre. We rst describe each experiment afgfation of the FOE. Divergence was also measured at the

discuss implementation issues relating to the applicatibn Image centre using the same patch size.

the FOE-based strategy. We then present the results of these

experiments. C. On-board docking experiment
To test the robustness of the FOE-basedneasure, the
A. Simulation experiment technique was integrated into a simple closed-loop docking

ehaviour for velocity control of a mobile robot. In the

To test the theory,_ a S|mulat|9n modelling the motion OZx{periment, a robot with a single, xed, forward facing came
a ground-based mobile robot, with camera, towards a plana .
proached a heavily textured, roughly fronto-parallell,wa

X a
fronto-parallel surface, was conducted. A 2D motion mOdSﬁempting to decelerate and safely stop as close to the wall

was used, allowing only forward velocity and a single ratati as possible without collision. Figure 4 shows the experiaen
in the ground plane. As such, only the component of workspace

:svilin?;trgsssF?o?wnt%\Iii rgvs\le?gfpg;is |v(\a/ acs)vvreglglsr?/t/jetrz ggtt:ilr:]e The robot used is velocity controlled, that is, the control
. ' P ignal is passed to a servo motor that controls the rollirgdp

. . i
For each consecutive sample, the distance fo the surface \6\/3 he drive wheels. Initial experimental tests showed that

;Jlegre-mi_nt”ed l?y a é:(;nst?nt amﬁulnt..;htre] roboft Wa:% assumilct proportional feedback of the drive wheels lead tdhig
0 be initially aligned fronto-parailel wi € surlaceloe a aggressive control action due to the noise in the divergence

ﬁggﬁ?gtﬁgﬁgtﬁg&\{eI\,c\),gg';nO:i;?jnt?)cmysizlﬁgtﬁitfuelt:t; measure. By incorporating a virtual model of robot dynamics
Y PP p in the control design, the closed-loop behaviour of the elehi

to the robot's location. T!we_ resulting motion vectors W"’“?” was smooth and well conditioned. The discrete time reddisat
projected onto the robot's image plane, thereby generdtiag ?f the proposed control law is

expected ow resulting from the robot's motion with respec

to the scene. From this, the FOE (which shifts as a result of Vi v g+ Kp(Dref Dy): (30)
the rotation) was located, andcomputed using (21). m '
where v(t) is the velocity control input at timd, is

the discretisation timegn is a virtual vehicle massK, is
a proportional gainD; is the most recent ow divergence

1) Indoor image sequenceA looming wall sequence/as  egtimate, and f is the reference set-point for ow divergence
constr_ucted to simulate the_ image expansion I|kely to k(enfp = 0:0325andD e = 0:022for these trials). Along with
experienced when approaching a textured surface. Figaje 3¢ giscrete-time kinematics

shows sample frames from the sequence. In the construction

of the image sequence, the camera was moved 3cm per frame Zt = Vo1 (31)
towards a heavily textured, approximately fronto-paiaiiall.
Optical ow elds were estimated for each frame of the

sequence, and from this, estimates obtained. the vertical axis passing through the FOE, and each centred

: Flow divergence was estimated using four PatChes in t%ﬁ a distance of 25 pixels from the FOE. The patches were
image, each cenfred on a distance of 1.2 pixels from t faced only above the FOE to avoid measuring divergence on
FOE, and each at 45 degrees from the horizontal and verti imaged ground plane. Reasons for the variation of patch

axes that. Intersect at thg FOE. Figure S(f"l) shows this _pa§ge and con guration used in the off-board experiment were
con guration. For comparison, was also estimated by pIaCIngbased on empirical observations of performance on-board. D

thezfocl;r %atchgs about the image centrer.] hnique' to the noisier conditions on-board, larger patch sizes weeel
) Outdoor image sequencedp test the technique's ro-y, ohiain 4 more robust estimate of ow divergence during-ego

bustness under more natural conditions, two outdoor image fhotion. In general, a range of patch sizes and con gurations
guences were constructed, depicting the motion of the @MEl e found to obtain strong results

towards different, more natural surfaces. Figures 3(b) @hd

show sample frames from both sequences:lttoening bush ) o

sequenceand thelooming bricks sequencéoth sequences D- Optical ow and FOE estimation

depict the motion of a camera (attached to the front of a leicyc Throughout the experiments, Lucas and Kanade's [8]
and walked) at an approximately constant velocity towardsadient-based method was applied. This technique was cho-
each respective surface. The camera's motion was subjecsém based on strong performances in a recent comparison of
rotations induced by the uneven terrain (grass), and smafitical ow techniques for robot navigation tasks [9]. Fbet
adjustments of the bicycle's heading (including camerd).rolindoor looming wall sequence, a standard implementation of

B. Off-board time-to-contact experiments

Flow divergence was estimated using two 41 pixel
image patches, each placed at 45 degrees on either side of
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Fig. 3. Sample frames and ow elds from each image sequerserin off-board experiments: (joming wall (b) looming bushand (c)looming bricks
Line intersections show estimated FOE for frame, and baxéigate the divergence patch con gurations used for FOgb8a estimation.

Lucas and Kanade's algorithm was applied, and ow vectors
were obtained for all image points. Due to signi cantly larg
ow experienced in both outdoor sequences, a pyramidal
implementation of Lucas and Kanade's technique was applied
To offset the increased computation load of this approaco,
vectors were only estimated for every fth pixel.

In all experiments, the FOE was calculated using a simple
algorithm that requires the imaged surface to occupy thieeent
viewing eld (or at least, the section of the viewing eld Fig. 4. Setup for on-board docking tests.
for which the FOE is expected to lie within). To obtaxS,
each row in the image was used to count the number of

positive and negative horizontal ow components, which ever . :
; istance from the surface and its known constant forward
then differenced, and averaged over all rows to locate t

. . . o vglocity towards the surface. It can be seen that the FOE-
overall zero point foix. The algorithm was applied similarly

0 obtainv® using the sians of vertical components of ow based measure closely re ects ground truth. Small discrep-
. o g the sig . pon ‘ancies between the FOE-based measure and ground truth are
While more sophisticated algorithms for locating the FO

T . e result of unavoidable quantisation errors in the image,
do exist, it is important to note that in many cases, purg

) o sallowing the precise location of the FOE.
(or close to pure) translational motion is assumedy[16], 9 P

[11], [5]). In contrast, the technique applied here proside In_contrast, e_stimates taken a_llong the optical axis exhibit
relatively high tolerance to rotation, such that the FOH wi igni cant uctuation compared with that obtained at the EO

always be located so long as it lies within the imaged are&is also evident that the image centre always provides &n ov
and other local minima in the ow eld do not exist. Given estimate of , a result of the optical axis deviating from its
only the sign of ow vectors are used to estimate the I:Oéryonto—parallel alignmgnt with the surface. While errons i _
the computation associated with its estimation is negh'agibare reduced as the distance to the surface approachestzero, i
in comparison with the ow estimation itself. It should beis important to note that this is due to the robot's constant
noted that other suitable techniques do exist, such asHai tvelocity towards the surface. As the surface draws near, the

do not require the segmentation of the object surface ar rgnslatlonal ow increases, thereby diminishing the eféeof

The algorithm employed here was chosen primarily for i € robots rotation in the ow eld.

ef ciency in achieving reasonably accurate FOE estimates. 2) Indoor image sequence result§igure 6(a) shows
estimates for each frame of the indoor looming-wall seqaenc

for the FOE-based, and image-centre-based strategiesnro
E. Results truth  is also shown, obtained from the camera's known
1) Simulation resultsFigure 5 gives the simulation resultsyvelocity, and a best linear t over measures obtained from
showing a direct comparison of obtained using the FOE- ground truth ow elds constructed from camera calibration
based estimator de ned by (21), and estimates obtained fromFrom these results, a signi cant improvement in the consis-
the measured divergence at the image centre (using (2@ncy of estimates is achieved when divergence is calculated
Ground truth is also provided, computed from the robot'swith respect to the FOE. Of particular note, the FOE-based
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Fig. 5. Simulation results compare our FOE-basesstimator (Equation 21),
with  estimates obtained at the image centre using (2) for thelaieti2D
motion of a ground-based mobile robot translating at constpeed towards a
fronto-parallel, planer surface. For each sample, thetofmward speed, and
randomly chosen instantaneous rotational velocitg:. !y  0:1) were
used to compute the corresponding horizontal ow. From,thisestimates
were obtained. Ground truth shows the exactor each sample, given the
robot's forward velocity and distance from the surface. Blbrsamples, the
camera's focal length is set tt88px.

strategy achieves a close match with ground truth from the
fteenth frame onward. In contrast, the image centre-based
method consistently over-estimatesand exhibits larger uc-
tuations across the sequence.
3) Outdoor image sequence resultBigures 6(b) and (c)
show estimates for both outdoor image sequences, again
comparing the FOE-based, and image-centre-based sesitegi
As with the indoorlooming wall sequengémprovements
in estimation are achieved by the FOE-based strategy as the
surface approaches. This is evident from frame 40 onward for
thelooming bushsequence, and from frame 20 in to®ming
bricks sequence.
Across all sequences, larger uctuations are evident ifyearFig. 6.  estimates for: (a) indoor looming wall sequence, (b) loayash
frames for both strategies. This is unsurprising given they  sequence, and (c), looming bricks sequence.
due to camera translation is unlikely to be large enough to
be reliably measured at this distance from the wall. It i® als
likely that the FOE is poorly de ned at this distance. In garlcause this region to inhabit image-centre-based divemgenc
frames of both outdoor sequences, the FOE's location wpatches. This is the likely cause of larger uctuations irage-
observed to shift signi cantly, and in some cases (paréidyl centre-based estimates in the later frames of each sequence
for the looming bushsequence), fall outside the imaged aregparticularly for thelooming brickssequence, where forward
of the surface. As divergence increases, however, the FQOElocity was signi cantly faster). In contrast,estimates taken
based strategy quickly stabilises, and begins to outparfbe  with respect to the FOE remain stable under these condjtions
image-centre-based estimator. and in accordance with simulation results, appear to imgrov
In addition to rotational effects, the FOE-based strategg win consistency ag decreases. This improvement appears also
observed to provide increased robustness to ow exceeditmresult from the FOE itself being more clearly de ned, and
measurable levels in each sequence. This effect is eviddmrefore more accurately located whgtn is large.
in ow elds shown in the bottom row of Figure 3, where 4) On-board docking resultsSix trials of the FOE-based
peripheral ow vectors become noisy and unreliable. Whildocking strategy were conducted, and data recorded. Figure
generally only in the periphery, this region of ow becomeshows the velocity-distance pro les and the plotted apphoa
larger asTZ—’ increasesife. Z ! 0). As a result, any shifting of the robot towards the surface for each trial. Also shown
of the FOE when in close proximity to the surface mais the theoretically expected velocity-distance pro lesbd on
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Fig. 7. On-board docking results showing (a) velocity-alise pro les, and (b), the plotted paths of the robot for et

the integrating of (27) in discrete time for the initial veity, and faster computers than in previous work, thus allowing
distance and tuning parameter values used in the trialsh@®f faster estimation of the optical ow.

six trials conducted, the FOE-based strategy docked ireclos

proximity to the surface ve times without collision. Onlyne V. CONCLUSION

collision, Trial 2, was observed. Results shown in Figure 7 This paper has presented a mobile robot docking strategy
suggest this was most likely due to noise effected divergengat utilises a time-to-contact ) estimation that is robust to
estimates obtained around 30cm from the surface. noisy, instantaneous rotations induced by robot ego-motio
Among the successful trials, close proximity stoppingve have shown that through tracking the focus of expansion
distances were achieved with surprisingly high consistengn the optical ow eld, small rotations of the camera and
Recorded velocity-distance pro les, and stopping diseencmjsalignments of the optical and translational axes can be
also appear consistent with theoretical expectation. INgta accounted for by calculating ow divergence with respect to
results show an early lack of response compared with the FOE. In this way, the effects of the rotation are effeiv
predicted deceleration. This is a likely result of divergen cancelled out, and improved accuracy and stability is aehie
being too small to measure at such distances. As the robot gased on this, we have proposed a divergence-based control
proaches, the measured divergence increases, and théyelogw for docking a robot with near fronto-parallel surfacetw
distance pro les begin to resemble theoretical expeatatio closed-loop analysis proving its stability under ideal dien
The average stopping distance achieved over the succesgBils, veri ed also through experimental trials. Theseuttss
trials was 6cm, with the furthest distance recorded beisg jushow a signi cant improvement in estimates when compared
7cm. This consistency in stopping distance is encouragifigth common strategies that take no account of the shifting
when considering the simple control law used, and signitcalrOE during robot ego-motion. The accuracy and stability
differences in the plotted approach path of the robot durighieved using the FOE-basedestimator was demonstrated

each trial. Figure 7(b) shows considerable variation ihlibé  tg be suf cient for ne motion control of a mobile robot when
robot's initial starting position, and the extent (and difen) in close proximity with the docking surface.

of the lateral drift experienced during each approach.
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board control scheme with the same control scheme using aRne authors thank the Dept. of Computer Science and
image-centre based divergence measure. The raw divergeggg,are Engineering, The University of Melbourne, for oge

estimates obtained at the image-centre, however, weredfoype (oot and tracking software used in docking experiments
to be unworkable for the simple proportional control scheme

used. A large range of tuning parameter values were explored
The FOE-based docking strategy compares well with pre- o _ .
. K i b d dockina. The nal stobping dis- [1] N. Ancona and T. Poggio, “Optical ow from 1d correlatioApplication
vious wor .m ow-base ) (_)C g: pping to a simple time-to-crash detector,” Proceedings of the International
tances achieved are a signi cant improvement on Questa Conference on Computer Visioh993, pp. 209-14.
al. [13] (approximately 150m), and comparable with Santosl?l R. Cipolla and A. Blake, “Image divergence and deformmtifrom
Vi d Sandini 1151 Unlik . K closed curves,Int. J. Rob. Reswvol. 16, no. 1, pp. 77-96, 1997.
_ICtOI‘ an ; andini [15]. Unlike preV|ou§ WOrK, We_ _report [3] D.Coombs, M. Herman, T. Hong, and M. Nashman, “Real-tobetacle
highly consistent results over a set of trials. In additio, avoidance using central ow divergence,and peripheral "oWEEE
obtain these results using general optical ow estimatioa ( Tgésa‘:t'ons on Robotics and Automafioml. 14, no. 1, pp. 49-59,
af ne approximations), and without Itering of the dlvergee [4] M. Hanada and Y. Ejima, “A model of human heading judgetnien
estimates. We acknowledge, however, that we are using newer forward motion,”Vision Researchvol. 40, no. 2, pp. 243-63, Jan. 2000.

REFERENCES



IEEE TRANSACTIONS ON ROBOTICS, VOL.X, NO.Y, MONTH YEAR

[5] R. Jain, “Direct computation of the focus of expansiolEEE Trans-
actions on Pattern Analysis and Machine Intelligeneel. 5, no. 1, pp.
58-64, Jan. 1983.

[6] D. N. Lee, “A theory of visual control of braking based amformation
about time to collision,"Perception vol. 5, no. 4, pp. 437-59, 1976.

[7] H. Li, “Global interpretation of optical ow eld: A leas-spuares
approach,” inInternational Conference on Pattern Recognitidt92,
pp. 668—71.

[8] B. Lucas and T. Kanade, “An iterative image registratitathnique

with an application to stereo vision.” iRroceedings of DARPA Image

Understanding Workshed 984, pp. 121-30.

PLACE
PHOTO
HERE

11

Nick Barnes received the B.Sc. degree with honours
in 1992, and a Ph.D. in computer vision for robot
guidance in 1999 from the University of Melbourne.
From 1992-1994 he worked for an IT consulting
rm. In 1999 he was a visiting research fellow at
the LIRA-Lab at the University of Genoa, lItaly,
supported by an Achiever Award from the Queens'
Trust for Young Australians. From 2000 to 2003,
he was a lecturer with the Department of Computer
Science and Software Engineering, The University
of Melbourne. Since 2003 he has been with NICTASs

El

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

C. McCarthy and N. Barnes, “Performance of optical owchmiques Canberra Research Laboratory. He is currently a principkearcher and
for indoor navigation with a mobile robot,” iRroceedings of the 2004 research group manager in computer vision. His researehnests include
IEEE International Conference on Robotics and AutomatRB04, pp. visual dynamic scene analysis, computational models obgical vision,
5093-8. feature detection, vision for vehicle guidance and medivalge analysis.
——, “A robust docking strategy for a mobile robot usingw eld

divergence,” in2006 IEEE/RSJ International Conference on Intelligent

Robots and System2006, pp. 5564-5569.

S. Negahdaripour., “Direct computation of the foe witlon dence
measures,Computer Vision and Image Understandingl. 64, no. 3,
pp. 323-350, November 1996.

R. C. Nelson and J. Y. Alloimonos, “Obstacle avoidansng ow
eld divergence,” IEEE Transactions on Pattern Analysis and Maching
Intelligence vol. 11, no. 10, pp. 1102-6, 1989.

P. Questa, E. Grossmann, and G. Sandini, “Camera delitation and

Robert Mahony is currently a reader in the De-

partment of Engineering at the Australian National
University. He received a PhD in 1995 (systems
engineering) and a BSc in 1989 (applied mathemat-

docking maneuver using normal ow,” ifProceedings of Spie - the PLACE ics and geology) both from the Australian National
International Society for Optical Engineeringol. 2488, Orlando, USA, PHOTO University. He worked as a marine seismic geo-
1995, pp. 274-83. HERE physicist and an industrial research scientist before

J. Santos-Victor and G. Sandini, “Visual behaviors @tarcking, Tech.

completing a postdoctoral fellowship in France and a
Rep. LIRA-TR 2/94, June 1994.

A . . Logan Fellowship at Monash University in Australia.
——, “Visual behaviors for docking,"Computer Vision and Image He has held his post at ANU since 2001. His

Understanding: CVIUvol. 67, no. 3, pp. 223-38, 1997. research interests are in non-linear control theory

D. Sazbon, H. Rotstein, and E. Rivlin, “Finding the fscof expansion yith applications in robotics, geometric optimisationheigues and learning
and estimating range using optical ow images and a matchist,” theory.

Machine Vision and Applicationsol. 15, pp. 229-36, 2004.

E. Sontag, “Smooth stabilization implies coprime &ctation,” IEEE
Transactions on Automatic Controkol. 34, no. 4, pp. 435-443, 1989.
E. D. Sontag and Y. Wang, “On characterization of theuirjo-state
stability property,”Systems and Control Lettengol. 24, no. 5, pp. 351—
359, 1995.

M. V. Srinivasan, S. W. Zhang, J. S. Chahl, E. Barth, an®¥&hkatesh,
“How honeybees make grazing landings on at surfacdiflogical
Cybernetics vol. 83, pp. 171-83, 2000.

M. Subbarao, “Bounds on time-to-collision and rotaab component
from rst-order derivatives of image ow,” inComputer Vision, Graphics
and Image Processingol. 50, 1990, pp. 329 — 41.

M. B. van Leeuwen and F. C. A. Groen, “Motion estimatiorthwa
mobile camera for trafc applications,” irProceedings of the IEEE
Intelligent Vehicles Symposium 20@D00, pp. 58-63.

——, “Motion interpretation for in-car vision systerhdn Proceedings
of the 2002 IEEE/RSJ International Conference on IntetifgRobots
and Systems2002, pp. 135-40.

Chris McCarthy received the B.Sc degree with
honours in 1999, and a Master of Computer Science
degree in 2005 from the University of Melbourne.
In 2000 he worked as an International Fellow in

PLACE the Centre for Computer Studies, at Ngee Ann
PHHEORTEO Polytechnic, Singapore. From 2001-2005, he was an

Associate Lecturer with the Department of Com-
puter Science and Software Engineering at The
University of Melbourne. Since 2005, he has been
working towards a PhD degree with the Australian

National University and NICTAs Canberra Research

Laboratory. His research interests are in vision for vehiguidance and
computational models of biological vision.

Mr. McCarthy received an International Foundation of RadsoResearch
Student Fellowship Award for his paper presented at the 26@&¢tnational
Symposium on Experimental Robotics (ISER).



