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Abstract

In this paper, a continuous estimator strategy is utilized to asymptotically identify the six degree-of-freedom velocity of a moving object
using a single fixed camera. The design of the estimator is facilitated by the fusion of homography-based techniques with Lyapunov
design methods. Similar to the stereo vision paradigm, the proposed estimator utilizes different views of the object from a single camera
to calculate 3D information from 2D images. In contrast to some of the previous work in this area, no explicit model is used to describe
the movement of the object; rather, the estimator is constructed based on bounds on the object’s velocity, acceleration, and jerk.
© 2004 Elsevier Ltd. All rights reserved.
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1. Introduction window position predictor for object tracking was utilized.
In Hashimoto and Noritsugu (1996an observer for esti-
Often in an engineering application, one is tempted to use mating the object velocity was utilized; however, a descrip-
a camera to determine the velocity of a moving object. How- tion of the object’s kinematics must be known. Ghosh,
ever, as stated ihosh, Jankovic, and Wu (1994he use Inaba, and Takahashi (200@e problem of identifying the
of a camera requires one to interpret the motion of a three- motion and shape parameters of a planar object undergoing
dimensional (3D) object through two-dimensional (2D) im- Riccati motion was examined in great detail.Hoivo and
ages provided by the camera. That is, the primary problem Houshangi (1991)an autoregressive discrete-time model
is that 3D information is compressed or nonlinearly trans- was used to predict the location of features of a moving ob-
formed into 2D information; hence, techniques or methods ject. In Allen, Timcenko, Yoshimi, and Michelman (1992)
must be developed to obtain 3D information despite the fact trajectory filtering and prediction techniques were utilized
that only 2D information is available. To address the iden- to track a moving object. Some of the works@i & Huang,
tification of the object’s velocity (i.e., the motion parame- 1984 involved the use of camera-centered models that com-
ters), many researchers have developed various approachegute values for the motion parameters at each new frame to
For example, if a model for the object’s motion is known, produce the motion of the object. Broida and Chellappa
an observer can be used to estimate the object’s velocity(1991)and Shariat and Price (1990pbject-centered mod-
(Ghosh & Loucks, 1996 In Rizzi and Koditchek (1996)a els were utilized to estimate the translation and the center
of rotation of the object. I'Waxman and Duncan (1986)

*This paper was not presented at any IFAC meeting. This paper was the motion parameters of an object were determined via a
recommended for publication in the revised form by Guest Editors Torsten stereo vision approach.
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object’s velocity or compensate for the object’s velocity as

part of a feedforward control scheme. For example, one
might assume that object kinematics can be described as
follows:

Reference Position

Xx=Yx), 1)

wherex(z), x(¢) denote the object’s position vector and ob-

ject’s velocity vector, respectivelyy (x) denotes a known

regression matrix, ang@l denotes an unknown, constant vec-

tor. As illustrated inGhosh, Xi, and Tarn (1999jhe object

model of (1) can be used to describe many types of object Image Plane

motion (e.g., constant-velocity, and cyclic motions)x (f)

is measurable, it is easy to imagine how adaptive control

techniques $lotine & Li, 1997 can be utilized to formu-

late an adaptive update law that could compensate for un-

known effects represented by the parameidor a typical

control problem. In addition, ik (¢) is persistently exciting, Camera Frame

one might be able to also show that the unknown parameter Fig. 1. Coordinate frame relationships.

¢ could be identified asymptotically. In a similar manner,

robust control strategies or learning control strategies could

be used to compensate for unknown object kinematics un-2. Geometric model

der the standard assumptions for these types of controllers

(Messner, Horowitz, Kao, & Boals, 1991; Qu, 1998 To facilitate the subsequent object velocity identification
While the above control techniques provide different problem, four target points located on an object denoted by

methods for compensating for unknown object kinemat- O; Vi =1, 2, 3, 4 are considered to be coplgnaand not

ics, these methods do not seem to provide much help with collinear. Based on this assumption, consider a fixed plane,

regard to identifying the object's velocity if not much is denoted byr*, that is defined by a reference image of the

known about the motion of the object. That is, from a sys- object. In addition, letr represent the motion of the plane

tems theory point of view, one must develop a method of containing the object feature points (d€g. 1). To develop

asymptotically identifying a time-varying signal with as a relationship between the planes, an inertial coordinate sys-

little information as possible. This problem is made even tem, denoted by/, is defined where the origin coincides

more difficult because the sensor being used to gather thewith the center of a fixed camera. The 3D coordinates of the

information about the object is a camera, and as mentionedtarget points orr andz* can be, respectively, expressed in

before, the use of a camera requires one to interpret theterms of.#

motion of a 3D object from 2D images. To attack this

double-loaded problem, we fuse homography-based tech-7i (V=[x (1) yi(1) zi (], 2
niques with a Lyapunov synthesized estimator to asymptot- __ , -, . ..T
ically identify the object’'s unknown velocify. Similar to mi=[x; vz 3

the stereo vision paradigm, the proposed approach uses dif
ferent views of the object from a single camera to calculate
3D information from 2D images. The homography-based
techniques are based on fixed camera work presented i
Chen, Behal, Dawson, and Fang (2008hich relies on the
camera-in-hand work presented Mhalis, Chaumette, and
Bodet (1999) The continuous, Lyapunov-based estimation
strategy has its roots in an example develope®@inand

Xu (2002) and the general framework developedXian,

De Queiroz, and Dawson (2004yhe only requirements
on the object are that its velocity, acceleration, and jerk be
bounded, and that a single geometric length between two
feature points on the object be known a priori.

‘under the standard assumption that the distances from the
origin of .# to the target points remains positive (i.€.(7),

77 >¢, wheree is an arbitrarily small positive constant).
nOrthogonal coordinate systen® and.Z * are attached to

7 and o*, respectively, where the origin of the coordinate
systems coincides with the object (sEgy. 1). To relate
the coordinate systems, I&(z), R* € SO(3) denote the
rotation betweenZ and.#, and Z* and.#, respectively,
and letxz (1), sz e R® denote the respective translation
vectors expressed in the coordinates/ofAs also illustrated

in Fig. 1, n* € R® denotes the constant normal to the plane
n* expressed in the coordinates . &f s; € R® denotes the

21t should be noted that if four coplanar target points are not available
- then the subsequent development can exploit the classic eight-points
1The object's six degree-of-freedom translational and rotational ve- algorithm (Malis & Chaumette, 2000with no four of the eight target
locity is asymptotically identified. points being coplanar.
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constant coordinates of the target points located on the objecfThe rotation and translation between the normalized coordi-

reference frame, and the constant distagditee R from .#
to .Z#* along the unit normal is given by

d*

= n*Tnﬁj-‘.

(4)

The subsequent development is based on the assumptionthat i

the constant coordinates of one target pejris known. For
simplicity and without loss of generality, we assume that the
coordinatess is known (i.e., the subsequent development re-

quires a single geometric length between two feature points

on the object be known a priori).

: Xn
From the geometry between the coordinate frames de-

picted inFig. 1, the following relationships can be developed
()
(6)

After solving (6) fors; and then substituting the result-
ing expression into (5), the following relationships can be
obtained:

m; =xy + Rs;,

my :x}i + R*s;.

(7)

whereR(r) € SO(3) andx (1) € R® are new rotational and
translational variables, respectively, defined as follows:

(8)

From (4), it is easy to see how the relationship in (7) can
now be expressed as follows:

m; = <R + Z—in*T)

mi =Xy + Rm,
R=R(R", i;=x;— Rx}.
h
1

n:.

)

Remark 1. The subsequent development requires that the

constant rotation matrbR* be known. This is considered

nates can now be related through a Euclidean homography,
denoted byH (1) € R3*3, as follows:

*

mi= L R+ 50" my, (12)
)

H

ot
whereo; () € R denotes a depth ratio, antl(r) € R3
denotes a scaled translation vector that is defined as follows:

_ Xy
=

In addition to having a task—space coordinate as described

previously, each target poir®;, O; will also have a pro-

jected pixel coordinate expressed in terms/gfdenoted by

ui (1), vi(t), u, v’ € R, that is respectively defined as an

element ofp; (1), pi € R3, as follows:

(13)

1"

pi=[uf v}
The projected pixel coordinates of the target points are re-
lated to the normalized task-space coordinates by the fol-
lowing pin-hole lens modeld=augeras, 2001

pi=lui v 1, (14)

pi=Am;, pf=Am}, (15)

where A € R33 js a known, constant, and invert-
ible intrinsic camera calibration matrix. After substi-
tuting (15) into (12), the following relationship can be
developed:

pi = (AHA™Y) pf, (16)
G

where G (1) = [gi;(1)] Vi, j = 1,2,3 € R>3 denotes a

to be a mild assumption since the constant rotation matrix projective homography. After normalizing(¢) by divid-
R* can be obtained a priori using various methods (e.g., aing through by the elemenss(z), which is assumed to be

second camera, Euclidean measurements, etc.).

3. Euclidean reconstruction

The relationship given by (9) provides a means for formu-
lating a translation and rotation error betwe&nand 7 *.
Since the Euclidean position of and.Z* cannot be di-

rectly measured, a method for calculating the position and

rotational error using pixel information is developed in this
section (i.e., pixel information is the measurable quantity as
opposed ton; (1) andmy). To this end, the normalized 3D
task—space coordinates of the pointsmoendz* can be, re-
spectively, expressed in terms gf asm; (1), m} € RS, as

follows:
= . T
miﬁﬁ:[ﬁ Yi 1] , (10)
Zi Zi I
T e
miE—L =L L 1| 11
o [zl* 4 :| (11)

nonzero without loss of generality, the projective relation-
ship in (16) can be expressed as follows:

pi = 0:833Gnp;. (17)

whereGn(r) € R3*2 denotes the normalized projective ho-
mography. From (17), a set of 12 linear equations given by
the 4 target point pairép;, p;(t)) with 3 equations per tar-
get pair can be used to determidg () and o; (¢)g33(7).
Based on the fact that the intrinsic calibration matixs
assumed to be known, (16) and (17) can be used to deter-
mine the producgss(z) H (r). By utilizing various techniques
(Faugeras & Lustman, 1988; Zhang & Hanson, 19%e
productgss(¢) H(¢t) can be decomposed into rotational and
translational components as in (12). Specifically, the scale
factor ga3(¢), the rotation matrixR (¢), the unit normal vec-

tor n*, and the scaled translation vector denotedxpyr)

can all be computed from the decomposition of the product
g33(¢) H (). Since the product; () g33(t) can be computed
from (17), andgss(¢) can be determined through the decom-
position of the producgss(¢) H (¢), the depth ratia; () can
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be also be computed. Based on the assumptionRHids
known and the fact thak(r) can be computed from the ho-
mography decomposition, (8) can be used to comg(te.
Hence,R(1), R(1), X4 (1), n*,and the depth ratia; () are all

known signals that can be used in the subsequent estimatoy, —

design.

4. Object kinematics

Based on information obtained from the Euclidean recon-
struction, the object kinematics are developed in this sec-

tion. To develop the translation kinematics for the object,
ev(1) € R® is defined to quantify the translation &f with
respect to the fixed coordinate systefi as follows:
€y = Pe — Do (18)

In (18), pe(r) € R® denotes the following extended image
coordinatesNlalis et al., 1999 of an image poirt onr in
terms of the inertial coordinate systerm

pe=[u1 v1 InGzp]". (19)

where In(-) denotes the natural logarithm, ang < RS

denotes the following extended image coordinates of the

corresponding image point att in terms of.7:

pi=ui vi ()],

The first two elements of, (z) are directly measured from

(20)

the images. By exploiting standard properties of the natural

logarithm, it is clear that the third elementqf(r) is equiv-

alent to— In (x1); henceg,(¢) is a known signal since ()

is computed during the Euclidean reconstruction. After tak-

ing the time derivative of (18), the following translational

kinematics can be obtained (see Appendix A for further

details):

. . o1

ey = pe= —; AeLy[ve —
4|

RIs1]x R" wel, (21)

where ve(t), we(t) € R® denote theunknownlinear and
angular velocity of the object expressed.ih respectively.
In (21), Ae € R¥3 is defined as follows:

0 O up
AezA—[O O UO},

0 0 O

(22)

whereug, vo € R denote the pixel coordinates of the princi-
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with the image plane), and the auxiliary Jacobian-like ma-
trix L, (1) € R332 is defined as

1 0 -2
21

o 1 -1 (23)
21

00 1

To develop the rotation kinematics for the objegt(r) €

R3 is defined using the angle axis representat®pong &

Vidyasagar, 1989to quantify the rotation of# with respect

to the fixed coordinate system ™ as follows:

ew2ut)0(1). (24)

In (24),u(t) € R3 represents a unit rotation axis, abd) €
R denotes the rotation angle abaut) that is assumed to
be confined to the following region:

—n<0()<m. (25)

After taking the time derivative of (24), the following

expression can be obtained (see Appendix A for further
details):
(26)

éw = Lgwe.

In (26), the Jacobian-like matrik,, (1) € R3*3is defined as

sinc(@g [M]i’
siné (—)
2

where[u], denotes the X 3 skew-symmetric form of (¢)
and

0
L0)=I3_§[u]><+ 1- (27)

sino(O(t))éSiz((j)(t)

Remark 2. The structure of (18)—(20) is motivated by the
fact that developing the object kinematics using partial pixel
information clarifies the influence of the camera intrinsic
calibration matrix. By observing the influence of the intrin-
sic calibration parameters, future efforts might be directed
at developing an estimator strategy that is robust to these
parameters. Since the intrinsic calibration matrix is assumed
to be known in this paper, the estimator strategy could also
be developed based solely on reconstructed Euclidean infor-
mation (e.g.x, (1), R(1)).

Remark 3. As stated inSpong and Vidyasagar (1983he

pal point (i.e., the image center that is defined as the frameangle axis representation in (24) is not unique, in the sense

buffer coordinates of the intersection of the optical axis

3 Any point O; on 7 can be utilized in the subsequent development;

however, to reduce the notational complexity, we have elected to select

the image point01, and hence, the subscript 1 is utilized in lieuigh
the subsequent development.

that a rotation of-0(¢) about—u(z) is equal to a rotation of
0(t) aboutu(z). A particular solution ford(r) andu(¢) can
be determined as followsSpong & Vidyasagar, 1989

R—RT

2sin0,)’ (28)

0,=cos? (%(tr(ﬁ) — 1)) o lupl=
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where the notation tr) denotes the trace of a matrix and é(t), ¢(t) € L, hence, we can use the previous assump-
[up]lx denotes the 3« 3 skew-symmetric form ofe, (). tions to show that
From (28), it is clear that

& +le:I<p;, Vi=12,...,86, (34)
0<0,(n <. (29) N
wherep; € R are known positive constants.
While (29) is confined to a smaller region thé¢) in (25), Based on the error system for the object kinematics given
it is not more restrictive in the sense that in (32) and the inequalities in (34), an estimator is designed
in the next section to ensure that
upl, =ul. (30)

eI, et 0 ast , 35
The constraint in (29) is consistent with the computa- le®l. le@l = e (35)

tion of [u(r)], in (28) since a clockwise rotation (i.e., where the observation error sigriak) € R® is defined as
—n<0(t) <0) is equivalent to a counterclockwise rotation follows:

(i.e., 0<0(r) < m) with the axis of rotation reversed. Hence,
based on (30) and the functional structure of the object
kinematics, the particular solutiords, (1) andu ,(r) can be
used in lieu off(¢) andu(z) without loss of generality and
without confining6(¢) to a smaller region. Since, we do not
distinguish between rotations that are off by multiples of
2x, all rotational possibilities are considered via the param-
eterization of (24) along with the computation of (28).

= e — é, (36)

o

where é(r) € R® denotes a subsequently designed esti-
mate fore(z). Once the result in (35) is obtained, additional
development is provided that proves:) can be exactly
identified.

5.2. Estimator development

Remark 4. By exploiting the fact that(r) is a unit vector

(i.e., lul|l2 = 1), the determinant of.,,(¢) can be derived as To facilitate the following analysis, we define a filtered

bservation error, denoted byr) € R®, as follows Glotine
follows (Malis & Chaumette, 20 0
ws (Mali . 02 & Li, 1991):
1

detL,=——5—. 31 —545

“ 7 sinc(0/2) B r=é+e (37)
From (31), itis clear thak , (1) is only singular for multiples ~ After taking the time derivative of (37), the following ex-
of 2z (i.e., out of the assumed workspace). pression can be obtained

F=é—é+e. (38)

5. Velocity identification Based on subsequent analysi¢;) is generated from the

o following differential expression:
5.1. Objective

é=x, (39)
The objective in this paper is to develop an estimator R 6 i
that can be used to identify the translational and rotational Wherex(:) € R” is defined as follows
velocity of an object expressed v, denoted byv(r) = . y
[0 I]" e RS. To facilitate this objective, the object kine- (1) = /t (K + Ig)e(r) dr
matics are expressed in the following compact form: °

t
+ sgnie(n)) dt + (K + Ip)e(r). 40
i . [ psuneena + ok + it (40)
where the Jacobian-like matrik(r) € R®*® is defined as whereK, p € R*® are positive definite constant diagonal
“u o . gain matrices/s € R%*® denotes the & 6 identity matrix o
J = AeL _5 AeLyR[s1]x R (33) is the initial time, and the notation s@) denotes the stan-
0 Lo ' dard signum function applied to each element of the vector

e(r). After taking the time derivative of (39) and substituting

where (21) and (26) were utilized, and) = [e] the resulting expression into (38), the following expression
R®. The subsequent development is based on the assumpys obtained:

tion thatv(z) of (32) is bounded and is second order differ-
entiable with bounded derivatives. It is also assumed that if 7 =& — (K + Ig)r — pSQne) + ¢, (41)
v(t) is bounded, then the structure of (32) ensures dfat

is bounded. From (32), (33), and the previous assumptions,

it is clear that ife(t), v(t) € L, then from (32) we can 4The structure of the estimator is motivated by the previous work in
see that(r) € L. We can differentiate (32) to show that Xian et al. (2004xhat was inspired by an example @u and Xu (2002)

]T

where the time derivative of (40) was utilized.
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5.3. Analysis

Theorem 1. The estimator defined i(39) and (40) can
be used to obtain the objective given(B8b) provided the
elements of the estimator gajnis selected as follows

pi>pi, Vi=12,...,6, (42)

wherep; is theith diagonal element in the gain matrpx
and f3; are introduced in(34).

Proof. To prove Theorem 1, a non-negative function, de-

noted byV (¢) € R, is defined as follows:
Vé%rTr—f—%éTé—i-P, (43)

where the auxiliary functio? () € R is defined as follows:

t
P(OE(, — / L() dr,
1

0

(44)

where(,, L(¢) € R are auxiliary terms defined as follows:

6
0= Z pilei(to)| — eT(10)é(10) LErT[E — psgne)].
i=1
(45)

In Appendix B, the auxiliary functionP(r) introduced in
(43) is proven to be non-negative (i.€¢) >0) provided the
sufficient condition given in (42) is satisfied. After taking the
time derivative of (43), the following expression is obtained:

V=rT[e— (K + Ig)r — psSgné) +él+¢é é—L.  (46)
The expression in (46) can be rewritten as follows:
V==K +Iplrl?+Irl? - lel?, (47)

where (37) and (45) were utilized. After simplifying (47) as
follows:

V< —K|r|? (48)

it is clear from (43) thatr(r), e(r), P(t) € L and that
r(t) € Ly (Dixon, Behal, Dawson, & Nagarkatti, 20P3
Based on the fact thal?) € L, linear analysis techniques
(Dixon et al., 2003 can be used to determine that) €
Loo. Sincee(?), e(t) € Loo, (36), (39), and the assumption
thate(r), é(t) € Lo can be used to determine tiat), e(t),
K(t) € Loo. Als0, sinceé(t), r(t), e(1),e(t) € Lo, (41) can
be used to determine thatr) € L. Based on the fact that
r(t) € Loo NL2 andr () € L, Barbalat's LemmaSlotine
& Li, 1991) can be used to prove that
lr()] = 0 asr— oo. (49)

Given (49), linear analysis technique®ixon et al.,

V.K. Chitrakaran et al. / Automatica 41 (2005) 553—-562

Remark 5. Notice from (37), (41) and (44) that the dif-
ferential equations describing the closed-loop system has a
discontinuous right-hand side:

e=—é+r, (50)
F=¢— (K + Ie)r — psgne) +e, (51)
P=—r"[¢— psgn@)l. (52)

Leté:=[¢TrTPIT andg(é, 1) : REx RO x R — R de-
note the right-hand side of (50)—(52). Since the above proof
requires that a solution exist fdar= g(¢, r), it is important
that we comment on the existence of solutions to (50)—(52).
To this end, we follow the arguments useeblycarpou &
loannou, 1993; Qu, 19980 discuss the existence of Fil-
ippov’s generalized solution to (50)—(52). First, note that
g(&, 1) is continuous except in the sété, r)|é = 0}. Let

% (¢, 1) be a compact, convex, upper semicontinuous set-
valued map that embeds the differential equatieng (¢, 1)

into the differential inclusiong € %(¢, t). From Theorem
2.7 of Qu (1998) we then know that an absolute contin-
uous solution exists td € %(¢, 1) that is a generalized
solution to& = g(¢&, t). A common choice forg(¢, r) that
satisfies the above conditions is the closed convex hull of
g(¢&, 1) (Polycarpou & loannou, 1993; Qu, 199&\ proof
that this choice fog (&, t) is upper semicontinuous is given
in Gutman (1979)

Theorem 2. Given the results in(35), the object velocity
expressed i/ (i.e, v(t) = [vd wg]T) can be exactly de-
termined provided the result i(85) is obtained and a sin-
gle geometric length between two feature points, s1) is
known

Proof. Given the result in (35), the definition given in (36)
can be used to determine that

i(t) — éi(t) Vi=1,2...,6. (53)

ast — oQ,

Based on (53), the definition in (39) can be used to conclude
that

Ri(t) — é;(t) ast — oo, Vi=12 ...,6. (54)

Hence, (32) and (54) can be used to conclude that

Ki(t) > (Jv); ast—> oo, Vi=12,...,6. (55)

From the resultin (55), it is clear that the object velocity can
be identified since/ (r) of (33) is known and is invertible.
Each element of (z) is known with the possible exception
of the constant depth related parameter

To illustrate that the constant is known, consider the
following alternate representation fm;;

. - = g _l . 5 -
2003 can be used to determine that the result in (35) is *f = [diad71 —72) + RI77[diag(js — 72) R" — Rls1,

obtained. [

(56)



V.K. Chitrakaran et al. / Automatica 41 (2005) 553—-562 559

where 4 X103 axis1 4 x10°  axis2
- ; —1 &T  s= = ; —1m1
71= [dlaqmi)] n* meh V2= [dlaqm#]i)] — w 2 w 2
%1 = 0~ 0 —
(57) = 2 )
-4 -4
and 0 05 1 15 2 0 05 1 15 2
x% s 3 is3 axis 4
mi=—"L 4+ R*= (58) 4210 &0
21 21 2 ~ 05
2 5 of\
Sincem3 andx}t can be computed, an&* ands; are as- £ ) 2 g
sumed to be known, (58) can be used to solvezfor [ a 05
0 05 1 15 2 0 05 1 15 2
Remark 6. Given thatR* is assumed to be a known rotation axis 5 axis 6
matrix, it is straightforward to prove that the object velocity 5 05
expressed in# can be determined from the object velocity & 0 f 3 0 ?\/
. [3)
expressed in/. S )
P W S o5f , 05
0 05 1 15 2 0 05 1 15 2
6. Simulation results time (s) time (s)

. . Fig. 2. Velocity estimation error along each of the six degrees of freedom.
A software-based simulator was developed in order to test 9 y g g

the performance of the velocity observer. A planar object
with four markers for feature points was chosen as the body . . . .

: . . . 6.1. Simulation discussion
undergoing motion. The velocity of the object along each of

its six degrees of freedom was set to the following: . . . . .
g 9 While the numerical simulation provides an example of

v; =0.2sint) Vi=12,...,6. (59) the performance of the velocity estimator, several issues
must be considered for a practical implementation. The per-
formance of the algorithm depends on the accuracy of esti-
mation of the homography matrix since the Euclidean space
information utilized in the object kinematics is obtained from

decomposition of this matrix. Therefore inaccuracies in de-

The coordinates of the feature poiitin the object’s coor-

dinate frameZ * was[—0.1 0.1 0.01]". The object’s refer-

ence positionc* and orientationR* relative to the camera
were selected as follows:

xt=[00 2T (60) termining the location of a feature from one frame to the
f ’ ) . . .
next frame (i.e., feature tracking) will lead to errors in the
1 0 0 construction and decomposition of the homography matrix,
R*=|0 -1 0 (61) leading to errors in the velocity estimation. Inaccuracies in
0 0 -1 determining the feature point coordinates in an image is a

Note that in a practical implementation of this algorithm Similar problem faced in numerous sensor-based feedback
only R* needs to be known and is not required. Based  applications (e.g., noise associated with a force/torque sen-

on calibration parameters from an existing CCD camera, the SO1)- Practically, errors related to sensor inaccuracies can
camera intrinsic calibration matri& was chosen to be the Often be addressed with an ad hoc filter scheme or other

following: mechanisms (e.g., an intelligent image processing and fea-
ture tracking algorithm, redundant feature points and an op-
timal homography computation algorithm suchkasatani,

0 126750 25310 Ohta, & Kanazawa, 20Q0Despite the discrete nature of the

0 0 1 sensor feedback in this and other applications, the algorithm
The simulator operated at the sampling frequency of 1 kHz. design and analysis is often performed in the continuous
The algorithm performed best with estimator gains selected time domain. Motivation for this simplification is due to the
through trial and error as follows: problematic and open issues related to the development of
K = diag(300,300, 200, 15, 15, 15), discrete_Lyap_unO\_/ analysis methods. _

i For this estimation strategy, the type of feature point used
p=diag(100100 10,1, 1, 1). (63) is only relevant to the specific application. For example,
Fig. 2depicts the velocity error along each of the six degrees artificial markers such as skin tags typically employed in
of freedom as obtained fromi—1% for the chosen estima-  the animation and biomechanics literature could be used,
tor gains. Four feature points were used in this simulation or natural features (doorway frame, corners of an object,
to estimate the normalized homography matsix and the etc.) could be used when coupled with an appropriate im-
scale factor; g33. age processing algorithm. In essence, the performance of the

126816 0 25749
A:[ }. (62)
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proposed velocity estimator will be improved by using an of u(z). To facilitate the development of the open-loop dy-
advanced feature tracking algorithm (i.e., the ability to ac- namics fore,(¢), the expression developed in (A.2) can be
curately identify the image—space coordinates of an objectused along with (A.3) and the time derivative of (A.3), to
feature in a single and in successive frames). obtain the following expression:

[wel = Sin O[ii]y + [u]x 0 + (1 — cosO)[[uliily, (A.4)

7. Conclusions . . . :
ust where the following properties were utilizeBdlippa, 2000;

In this paper, we presented a continuous estimator strat-MaI'S' 1999

egy that can be utilized to asymptotically identify the six (U] = —[C] ", (A.5)
degree-of-freedom velocity of a moving object using a sin- *

gle fixed camera. The design of the estimator is based on[u]ZX =uu' — I, (A.6)
a novel fusion of homography-based vision techniques and

Lyapunov control design tools. The only requirements on (u]uu’ =0 (A.7)

the object are that its velocity and first two time deriva- .

tives be bounded, and that a single geometric length betweer “1x [it]1x [u]x =0, (A-8)
two feature_points on the object_be knoyvn a priori. Some () it]y =[] L]y — [it) L] . (A.9)

of the practical applications of this technique are measure-

ment of vibrations in flexible structures and estimation of To facilitate further development, the time derivative of (24)
motion in free-form bodies. It provides all the advantages is determined as follows:

non-contact measurement techniques can offer, most impor-, . .
tantly the ability to work with hostile or delicate structures ¢ = il + uf). (A.10)
in avariety. (_)f e.nvironments. Future wor.k will concentratg By multiplying (A.10) by (I3 + [M]Zx): the following
on the ramlflcat|.ons. of the proposed estimator for other vi- expression can be obtained:

sion based applications.

(I3 + [u]%)éw = u0, (A.11)
Acknowledgements where (A.6) and the following properties were utilized:
wu=1 u'i=0. (A.12)
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From the expression in (A.4), the properties given in

Appendix A. Rotational and translational kinematics (A.5), (A.10), (A.11), (A.13), and the fact that Sifi =
%(1 — cos ), we can obtain the following expression:

Based on the previous definitions f@g() andR(¢), the

1.
following property can be determine8ggong & Vidyasagar, ~ “e = Ly o, (A.14)
1989: whereL,(t) is defined in (27). After multiplying both sides
[we], = RRT. (A1) of (A.14) by L, (¢), the object kinematics given in (26) can

x be obtained.
From (8) and (A.1l), the following relationship can be To develop the open-loop error system égct), the time
determined derivative of (18) is obtained as follows:

= R RT . . ok 1 =

[welx = RR". A2 G = pe—pi= 7 AeLuris. (A.15)

While several parameterizations can be used to exgess
in terms ofu(z) and 0(r), the open-loop error system for After taking the time derivative of (5)n1(r) can be deter-
ew (1) is derived based on the following exponential param- mined as follows:

eterization §pong & Vidyasagar, 1999

m1 = ve + [wely Rs1. (A.16)
_ . 50
R = I3+ sin 0ul, + 2sir? E[u]i’ (A.3) After utilizing (A.5) and the following propertyRelippa,
2000:

where the notatior; denotes arn x i identity matrix, and
the notationu], denotes the skew—symmetric matrix form [Rs1], = R[sl]XRT, (A.17)
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the expression in (A.16) can be expressed as follows:

m1 = ve — R[s1]x R we. (A.18)

After substituting (A.18) into (A.15), the object kinematics
given in (21) can be obtained.

Appendix B. Proof of non-negativity of auxiliary function
P()

In (43), the functionP (¢) is required to be non-negative.
To prove thatP(¢) >0, the definition ofr(¢) given in (37)
is substituted into the definition df(r) given in (45), and
the result is integrated to obtain the following expression:

t 1
/ L(o)do = / ¢ (0)é(o)do
1 1

0 0

t
_ / 8" (0)p sgnE(o)) do
1

(B.1)

After integrating the first integral of (B.1) by parts and eval-

&' (0)(é(0) — pSgNEé())) do.

uating the second integral, the following expression can be

obtained:

t
/to

6
L(0)do =T (1) — T (10)é(to) — ) p;1&i (0]
i=1

6 t
+ Z pilei (o)l +/ ¢ (0)é(0) do

i=1 0

t
- / &T(0)(¢(0) + p SgNE(a)) dor
fo

(B.2)
The expression in (B.2) can be upper bounded as follows:

f 6
/ L) de< Y pylai o) — &7 (r0)é(10)
1 :

0 i=1

6
+ Y (&0 — ppléi@)]
i=1
; 6

“
fo

; 6
+/ > léi@)|(€i(o) — p)do.  (B.3)
I

0 ;=1

lei (0)]1é; (o) | do
1

i=

561

of a moving object. IrProceedings of the IEEE conference on robotics
and automationNice, France (pp. 1850-1856).

Broida, T. J., & Chellappa, R. (1991). Estimating the kinematics and
structure of a rigid object from a sequence of monocular imag#&=E
Transactions on Pattern Analysis and Machine Intelligentd(6),
497-513.

Chen, J., Behal, A., Dawson, D., & Fang, Y. (2003). 2.5d visual serving
with a fixed camera. IfProceedings of the American control conference
Denver, CO, USA (pp. 3442-3447).

Dixon, W. E., Behal, A., Dawson, D., & Nagarkatti, S. (200Bpnlinear
control of engineering systems: A Lyapunov-based approBokton:
Birkhauser. ISBN: 0-8176-4265-X.

Faugeras, O. (2001)Three-dimensional computer visiorCambridge
Massachusetts: The MIT Press.

Faugeras, O., & Lustman, F. (1988). Motion and structure from motion
in a piecewise planar environmerhternational Journal of Pattern
Recognition and Artificial Intelligence2(3), 485-508.

Felippa, C. A. (2000)A systematic approach to the element-independant
corotational dynamics of finite elemenfgechnical report, Center for
Aerospace Structures, College of Engineering, University of Colorado,
document number CU-CAS-00-03.

Ghosh, B. K., Inaba, H., & Takahashi, S. (2000). Identification of
Riccati dynamics under perspective and orthographic observations.
IEEE Transactions on Automatic Contrel5, 1267—-1278.

Ghosh, B. K., Jankovic, M., & Wu, Y. T. (1994). Perspective problems
in system theory and its application to machine visidournal of
Mathematical Systems, Estimation, and Contdgll), 3—38.

Ghosh, B. K., & Loucks, E. P. (1996). A realization theory for perspective
systems with application to parameter estimation problems in machine
vision. IEEE Transactions on Automatic Contrel1(12), 1706—1722.

Ghosh, B. K., Xi, N., & Tarn, T. J. (1999)Control in robotics and
automation: sensor-based integratiobondon, UK: Academic Press:.

Gutman, S. (1979). Uncertain dynamical systems—a Lyapunov min—max
approachlEEE Transactions on Automatic Contyd4(3), 437-443.

Hashimoto, K., & Noritsugu, T. (1996). Observer-based control for visual
servoing. In Proceedings of the 13th IFAC World congresSan
Francisco, California (pp. 453-458).

Kanatani, K., Ohta, N., & Kanazawa, Y. (2000). Optimal homography
computation with a reliability measurelEICE Transactions on
Information and System&83-1(7), 1369-1374.

Koivo, A. J., & Houshangi, N. (1991). Real-time vision feedback
for servoing robotic manipulator with self-tuning controlldEEE
Transactions Systems, Man, and Cybernetd$l), 134—-142.

Malis, E. (1998).Contributions a la modélisation et a la commande en
asservissement visudPh.D. Thesis, University of Rennes I, IRISA,
France.

Malis, E., & Chaumette, F. (2000). 2 1/2 d visual servoing with respect
to unknown objects through a new estimation scheme of camera
displacementinternational Journal of Computer VisipB7(1), 79-97.

Malis, E., & Chaumette, F. (2002). Theoretical improvements in the
stability analysis of a new class of model-free visual servoing methods.
IEEE Trans. on Robotics and Automatjdi8(2), 176—186.

Malis, E., Chaumette, F., & Bodet, S. (1999). 2 1/2 d visual servoing.
IEEE Transactions on Robotics and Automafi@f(2), 238—250.

Messner, W., Horowitz, R., Kao, W. W., & Boals, M. (1991). A new
adaptive learning ruldEEE Transactions on Automatic Contr@6(2),
188-197.

Polycarpou, M. M., & loannou, P. A. (1993). On the existence and
uniqueness of solutions in adaptive control systdEBEE Transactions
on Automatic Contrql38(3), 474—-479.

If pis chosen according to (42), then (B.3) can be upper Qu, Z. (1998).Robust control of nonlinear uncertain systeriiew York:

bounded by, of (45); henceP(¢) >0.

References

Allen, P. K., Timcenko, A., Yoshimi, B., & Michelman, P. (1992).
Trajectory filtering and prediction for automated tracking and grasping

Wiley.

Qu, Z., & Xu, J. X. (2002). Model-based learning controls and their
comparisons using Lyapunov direct methédian Journal of Contrgl
4(1), 99-110.

Rizzi, A. A., & Koditchek, D. E. (1996). An active visual estimator
for dexterous manipulationlEEE Transactions on Robotics and
Automation 12(5), 697-713.



562

V.K. Chitrakaran et al. / Automatica 41 (2005) 553—-562

Shariat, H., & Price, K. (1990). Motion estimation with more than two
frames.IEEE Transactions Pattern Analysis and Machine Intelligence

12(5), 417-434.

Slotine, J. J. E., & Li, W. (1991)Applied nonlinear controlEnglewood
Cliff, NJ: Prentice Hall, Inc..
Spong, M. W., & Vidyasagar, M. (1989Robot dynamics and control

New York: Wiley.

Tsai, R. Y., & Huang, T. S. (1984). Unigueness and estimation of three-
dimensional motion parameters of rigid objects with curved surfaces.
IEEE Transactions Pattern Analysis and Machine Intelligergi@),

13-26.

Waxman, A. M., & Duncan, J. H. (1986). Binocular image flows: step
toward stereo-motion fusionEEE Transactions Pattern Analysis and
Machine Intelligence8(6),

Xian, B., De Queiroz, M. S., & Dawson, D. M. (2004A continuous
control mechanism for uncertain nonlinear systemsgOptimal contro)
stabilization and nonsmooth analysi¢.ecture Notes in Control and
Information Sciences. Heidelberg, Germany: Springer, vol. 301, pp.

251-264.

Zhang, Z., & Hanson, A. R. (1995). Scaled euclidean 3d reconstruction
based on externally uncalibrated cameras.|BEE Symposium on
Computer Visionpp. 37-42).

Vilas Chitrakaran received the Bachelor's
degree in Electrical and Electronics Engi-
neering from University of Madras, India,
and a Master’s degree in Electrical Engineer-
ing from Clemson University, SC, USA, in
1999 and 2002, respectively. He is currently
pursuing a Ph.D. at Clemson University. His
primary research interests are in the field of
machine vision. He also has experience in
developing real time control software.

Darren M. Dawson received the B.S. De-

gree in Electrical Engineering from the

Georgia Institute of Technology in 1984. He
then worked for Westinghouse as a control
engineer from 1985 to 1987. In 1987, he
returned to the Georgia Institute of Tech-
nology where he received the Ph.D. Degree
in Electrical Engineering in March 1990.

In July 1990, he joined the Electrical and
Computer Engineering Department where

he currently holds the position of McQueen Quattlebaum Professor.
Prof. Dawson’s research interests include nonlinear control techniques
for mechatronic applications such as electric machinery, robotic sys-
tems, aerospace systems, acoustic noise, underactuated systems, magnetic
bearings, mechanical friction, paper handling/textile machines, flexible
beams/robots/rotors, cable structures, and vision-based systems. He also
focuses on the development of realtime hardware and software Systems
for control implementation.

Warren Dixon received his Ph.D. degree

in 2000 from the Department of Electri-

cal and Computer Engineering from Clem-
son University. After completing his doc-
toral studies he was selected as an Eugene
P. Wigner Fellow at Oak Ridge National
Laboratory (ORNL) where he worked in

the Robotics and Energetic Systems Group

of the Engineering Science and Technol-
ogy Division. In 2004, Dr. Dixon joined

the faculty of the University of Florida in

the Mechanical and Aerospace Engineering Department. Dr. Dixon’s main
research interest has been the development and application of Lyapunov-
based control techniques for mechatronic systems, and he has published
2 books and over 80 refereed conference and journal papers. Recent
publications have focused on Lyapunov-based control of nonlinear sys-
tems including: visual servoing systems, robotic systems, underactuated
systems, and nonholonomic systems. Further information is provided at
http://ww.mae.ufl.edutdixon/ncr.htm.

Jian Chenreceived the B.E. degree in Test-
ing Technology and Instrumentation and the
M.S. degree in Control Science and En-
gineering, both from Zhejiang University,
Hangzhou, P.R. China, in 1998 and 2001,
respectively. He is currently a Ph.D. can-
didate in the Department of Electrical and
Computer Engineering at Clemson Univer-
sity, Clemson, SC, USA. His research in-
terests include visual servo control, vision-
based motion analysis, nonlinear control,
and multi-vehicle navigation. Mr. Chen is a member of the IEEE Control
Systems Society and IEEE Robotics and Automation Society.



http://www.mae.ufl.edu/dixon/ncr.htm

	Identification of a moving object's velocity with a fixed camera62626262
	Introduction
	Geometric model
	Euclidean reconstruction
	Object kinematics
	Velocity identification
	Objective
	Estimator development
	Analysis

	Simulation results
	Simulation discussion

	Conclusions
	Acknowledgements
	Appendix A. Rotational and translational kinematics
	Appendix B. Proof of non-negativity of auxiliary function P(t)
	References


