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Abstract sometimes, and especially when the initial and desired con-

o - . . . figurations are distant, the trajectories induced by image-

. The prmqpal deficiency O.f |mage-based wsua! SEIVOING pased servo are neither physically valid nor optimal due to
IS that' the mduceq (3D) traJector|§s are not optimal gnd. the nonlinearity and potential singularities in the relation
sometimes, especially when the displacement to realize IStrom the image space to the workspace [1]. Furthermore,

Itargf,_lthesef :Lajectorle_:s are not phgsu;ra]llly valid Ie_ad|r|1g 0 \yhen the camera displacement between the acquisitions of
€ failure orthe Servoing process. FUrth€rmore, VISUal Con- y,q jnitia| and desired images is large and/or when the ob-
trol needs a matching step between the features extracted

f he initial i d the desired Thi b served scene is complex, the matching step can be difficult
rOT)It € '?.'t'a Image anblt € heS'iﬁ one. |Z_ste|p can etand even impossible (for example when no joint features
Erc; emaﬂzc (or |m.p(.)t.35| e)fm e.n_t. (Tca(rjngra. 'Zp. acement ¢5u1d be detected in the considered images).
etween e acquisitions ot the nitial and desired images 1S Dealing with the first problem, path planning in the
large and/or for complex scenes. To resolve these deficien-. . e . .
cies, we couple an image interpolation process betw€en Image-space is a promising approach. Indeed, if the ini-
T P 9 P P . ial error is too large, a reference trajectory can be designed

relay images extracted from a database and an image-base

trajectory tracking. The camera calibration and the model fom & sequence of images. The initial error can thus be
J Y 9. sampled so that at each iteration of the control loop the er-
of the observed scene are not assumed to be known. Th

relay images are interoolated in such a wav that the corre- For to regulate remains small. In [11], a potential switching

y Imag P o ay control scheme and relay images that interpolate initial and
sponding camera trajectory is minimal. First a closed form ; ) ' L
collineation path is obtained and then the analytical form reference image features using an affine approximation are
of image fegtures trajectories are derived andyefficientl proposed to enlarge the stable region. In [12], a trajectory
trackedg using a urelJ image-based control. Ex erimentgl generator using a stereo system is proposed and applied to

'g a purely imag . - EXD obstacle avoidance. An alignment task for a 4 DOF robot

results obtained on a six DOF eye-in-hand robotic system

. - using intermediate views of the object synthesized by im-
are presented and confirm the validity of the proposed ap- age ?norphing is presented in [22]J A pgth planning %/or a
proach. X

straight-line robot translation observed by a weakly cali-
: brated stereo system is performed in [19]. In previous work
1 Introduction [16], we have proposed a potential field-based path plan-
Image-based visual servoing is now a well known con- ning generator that determines the trajectories in the im-
trol framework [10], [13]. In this approach, the reference age of a set of points lying on an unknown target. To in-
image of the object corresponding to a desired position of crease the stability region, Cowan and Koditschek describe
the robot is generally acquired first (during an off-line step), in [3] a globally stabilizing method using navigation func-
and some image features are extracted. Features extractetion. However, none of these previous works is dealing
from the initial image are matched with those obtained from with optimality issues. In [23], a numerical framework for
the desired one. These features are then tracked during théhe design of optimal trajectories in the image space is de-
camera (and/or the object) motion, using for example a cor- scribed and applied to planar mobile robot with a one di-
relation based method. An error is obtained by comparing mensional camera. In [17], we give an analytical solution
the image features in the currentimage and in the referenceto optimal path planning in the image space (with respect to
one. The robot motion is then controlled in order to min- minimum camera acceleration criterion) between two given
imize the error (using for example a gradient descent ap- images.
proach). Since the error is directly measured in the image, Classical visual servoing techniques make the assump-
image-based servo has some degrees of robustness with raions on the link between the initial image and the desired
spect to modeling errors and noise perturbations. However,one. If the initial and desired images are very different
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and/or the scene is complex, the steps of finding and match-K is the classical non singular matrix containing the intrin-
ing joint image features (abbreviated SFMJF) are uneasy,sic parameters of the camera. From the knowledge of sev-
and even sometimes impossible if no features belongs toeral matched points, lines or contours [6, 2], it is possible
both images. In such a case, the servoing can not be realto estimate the collineation matrix and the epipole. For ex-
ized. To cope with this deficiency, we propose to use a setample, if at least four matched points belongingtaare
of relay images (such that between two successive imagesknown,G can be estimated by solving a linear system. Else,
SFMJF are feasible). This set of relay images is automat- at least eight pointS(points to defindl and5 outside offT)
ically extracted from an image database obtained and in-are necessary to estimate the collineation matrix by using
dexed off-line. When the SFMJ have been realized betweenfor example the linearized algorithm proposed in [14]. As-
each pair of successive relay images, the visual servoingsuming that the camera calibration is known, the Euclidean
process can be applied between the successive relay imagesomography can be computed up to a scalar factor:
until the last image. However, such a process is not satisfac-
tory since the camera velocity is null at each transition. To H o K'GK ®3)
improve the behavior of such a visual-based control scheme
we address the problem of finding realistic image trajecto-
ries (i.e corresponding to physically valid camera motion)
and corresponding to a minimal camera path betw®&en
given relay images. The obtained image trajectories can
then be efficiently tracked using a purely image-based con-
trol scheme.

The paper is organized as follow. In Section 2, we
recall some fundamentals. In Section 3, a closed-form
collineation path betweeN relay collineations matrices is

'The Euclidean homography can be decomposed into a rota-
tion matrix and a rank matrix [7]:

b
H:R+d—fnfT (4)

whereR represents the rotation matrix betweErand 7/,

n/ is the unitary normal to the virtual plane expressed in
F¥ andd’ is the distance fromi to the origin of7/. From

G andK, it is thus possible to determine the camera mo-
obtained. In section 4, the casé — 1, corresponding to tion parameters (i.e the rotatid and the scaled translation

— f .
the classical framework in visual servoing, is studied. In bas = df) and the normal vectan” [7]. If the camera is
Section 5, we describe our approach when relay images are10t perfectly calibrated (i.& is used instead oK), then,

used. the parameters which can be estimated are [14]:
_ +
2 Fundamentals R = (KRIK ®)
. . . ~fT _ n/ToK*
2.1 The collineation matrix no= [/ ToKT| (6)
Consider two views of a scene observed by a cam- Bd_f = |n/TSK*||6Kb,, (7

era. A 3-D pointX with homogeneous coordinatés =

[X Y z 1]7 is projected under perspective projection to a WheredK = K'K.

point x in the first image (with homogeneous coordinates

measured in pixek = [z y 1]7) and to a point/ in the 2.2 The rotation group SO(3)
second image (with homogeneous coordinates measured in  The groupSO(3) is the set of al3 x 3 real orthogonal
pixel xf = [z 3/ 1]T). Itis well known that there exists a  matrices with unit determinant and it has the structure of a
projective homography matri related to a virtual plane  Lie group. On a Lie group, the space tangent to the identity

II, such that for all pointst’ (belonging or not tdI) *: has the structure of a Lie algebra. The Lie algebr8©f3)
is denoted byo(3). It consists of th& x 3 skew-symmetric
x o« Gx! + 7g(t) 1) matrices, so that the elements«f3) are matrices of the
form:
where the matri>xG is called the collineation matrix; is 0 —03 0>
a constant scaling factor null if the target point belongs to 0= 065 0 -0
IT andg(t) represents the epipole in the current image that —02 0y 0

is the projection in the image at tinteof the optical center  gne of the main connections between a Lie group and its
when the camera is in its desired position. More precisely: | jo algebra is the exponential mapping. For evityc

SO(3), there exists at least off@] € so(3) such that! 0) —

=K 2 . .
8(t) b(®) 2) R with (Rodriguez formula):
Whe_reb(t) is the translation vector between the current and RO _T sin |0 9 1—cos |8 0 g
desired camera frame (denot&candF/ respectively) and =e” =1+ ol 6] + Gk 0° (8
1x x Gxf <= ax = Gxf wherea is a scaling factor 2K+ denotes the inverse &
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where||8|| is the standard Euclidean norm. Conversely, if
R € SO(3) such that Trac®R) # —1 then:

0
" 2sinf

(6] = log(R) (R -R") (9)

wheref satisfies:
1
0 = ||6|| = arccos <§ (TracgR) — 1)) (10)

If TraceR) = —1, log(R) can be obtained noticing that
6 = +mu whereu is a unit length eigenvector & associ-
ated with the eigenvalue

Another important connection between(3) and SO(3)
involves angular velocities. [R(t) is a curve inSO(3),
thenRR” andR”R are skew-symmetric, and hence ele-
ments ofso(3). The element of so(3) such that:

w] =RTR (11)

corresponds to the angular velocity of the rigid body.

3 Collineation matrix path
Assumethataset df +1relayimage§ = {Ip---In}

=

Figure 1: Interpolation of N images

with [0;] = log(RI ;R;). By introducing the equations
(5), (6) and (7) in (13), it can be shown that the path given by
(13) is not affected by error on camera intrinsic parameters
(the proof can be found in [15]).

4 Example: N=1

We assume now that the initial imagé&, (at time t =
0) and the desired imagé;(at time t=1) corresponding to
the initial and desired robot positions are available. We as-

have been acquired and that some image features can h&Ume also that some image features can be extracted and
extracted and matched between two successive images (réMatched. This framework is the classical one in visual ser-

fer to Fig. 1). Assume also that from the extracted im-
age features, the collineation matridgs;,, between im-
agesl; andl;; can be computed. The collineation matrix
G; v aK(R;+bys;) KT (referto (3) and (4)) between im-
agesl; andIy can easily be obtained noticing that :

Gi,N = Gz = Gi,i+1Gi+1,i+2 to GNfl,N (12)

Given a set of N + 1 collineation matricesG
{Go,~n---Gn-1,n,Gn n} associated to a set df + 1
time parametergty---ty_1,tn}, We want a continuous
and piecewise differentiable matrix functi@(¢) such that
G(t;) = G; fori € {0--- N} corresponding to a minimal
length camera trajectory. This problem can be formulated
as follow (problenPM):

Find G(t) minimizing J; = ["" UTUdt

fori = 0---N and withU = [w” vT]" wherew is
defined by (11),v = b, and with boundary conditions:
G(tz) 0.8 Gi, G(ti—H) X G7;+1.

The solution of the problefr@M can be obtained using clas-
sical optimal control formalism and it is given by [15]:

G(T) 0.8 (].—T)(I)i,1 +T¢i+(Gi,1 —@i,l)l" (13)
wherer = {=4=L and:
T'(6;,7) = Ke(@xDK+
(14)

&, = Kbyn/ K+
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voing. From the extracted image features the collineation
matrix, at time t=0,G,, can be computed. When the de-
sired configuration is reached (at time t=1) the collineation
matrix is proportional to the identity matrixGa, ol (corre-
sponding tdR; = I andb,s; = 0). In this case the path of
the collineation matrix is given by (refer to (13) and (14)):

G(t) x (1 =t)®g + (Go — ®o)T (15)

where : T'(6,t) Kel@l-OK+ and &,
Kb, on/ KT with [6] = log(RY). The parameters,

bgso andR] are obtained fronG, using [7]. Note, once
again, that the obtained path is not affected by camera cali-
bration errors [18]. The image trajectories can be obtained
and followed using an image based control as described in
the next sections.

4.1 Trajectories in the image space

In order to control efficiently a robot using vi-
sual data, we have to determine the trajectories of
some image features in the image space. More pre-
cisely, we want to perform smooth trajectorigqt)
[2%(t) yi(t) --- 25(t) y=(t)]" of n projected points in
the image between a given start poist(0)
[2%(0) y7(0) -+ 2%(0) y:(0)]T and a given desired point
s*(1) = [2(1) yi(1) -+~ 25(1) y3(1)]" (refer to Figure
2). We denotex; (t) = [z} (t) y;(t) 1]T the vector of ho-
mogeneous coordinates expressed in pixel of the projection
of a 3-D pointX; in the current desired image (at timge



Samson etl in [20]. A vision-based task functioato be
regulated td is defined by [5]:

e=L"(s(t) —s"(t)) (19)

The time varying vectos*(t) is the desired trajectory of
s computed as previously explained (more generally, we

N

F s o= use the notation:*(¢) to represent the planned parameter
\/ﬁ x). The matrixLL denotes the interaction matrix related to
b0 s (also called image Jacobian). It links the variation of the
visual features with respect to the camera velotitywith
Figure 2: Features trajectories in the image $ = LT.. The matrixL* is the pseudo-inverse of a chosen

model of L. An exponential decay af toward0 can be ob-
tained by imposing = — e (A being a proportional gain),

We define vectoh; = a;(t)x; (¢) such that the corresponding control law is:

hi(t) = ai(t)x; (t) = G(t)x; (1) + () (16) de

Te=—e— - (20)
whereq;(t) is a positive scaling factor depending on time,
7; is a constant scaling factor null if the target point be- Using such control law, a well known sufficient condition to
longs toll. After that the initial collineation has been es- ensure global asymptotic stability of the system is [20]:
timated, the optimal path of the collineation matrix can be R
computed as described previously. The initial value of the LTL >0 (21)
epipole,g(0) = go, can also be computed directly from ) ) ) -
image data (i.eg, is independent of th&-matrix). Fur-  For @ pointt” with coordinate§ X Y Z]" in thg current
thermore, it is easy to show that the optimal trajectories of c@mera frame and image coordinates= [y 1]” in pix-
the epipole, with respect to the previously cited criteria, are ©!S: the interaction matrik(x, Z) related tox is given by:
of the form [15]:

0 = MMy —(1+my?)  my

Nl=

g(t) = (1 —1t)go @ @

Such trajectories of the epipole are not affected by error on
intrinsic parameters. Note also that the scaling facias
not time dependent and can be computed directly from the
initial and desired image data since (refer to (16)) : a— | /Pu —fpucolld)

0 fpy/sin(0)
()% (0)Ax; (0) = 0 = G()x; (DAx; (0)+7:8()AX; (0)  \yhere fis the camera focal length, andp, are the mag-

i Gox* (1A (0 nifications respectively in the andv directions, and is

We thus obtairf: 7; = ~ (Eg;/(\x):‘(U;)(l))l the angle between these axes. Whkda composed of the
The vectoth; is not affected by error on intrinsic parameters image coordinatesg; of n points, the corresponding inter-
sinceG(t), e(t) andr; (Vi € {1---n}) can be computed  action matrix is:
without error even if thd<-matrix is unknown. The trajec-

0 -2 =2 (1+m?) — Mgy —My

with m = [m, m, 1]7 = K*x and:

T
tories of the considered point in the image corresponding to L(s,Z) = [L" (x1, Z1) - - L" (xn, Zn)] (22)
an optimal camera path can thus also be computed without R R
error, using: A classical choice foL is L(s(1),Z(1)) (that is the value

of L at the final desired position), in this case, condition
(21) is ensured only in a neighborhood of the desired po-
sition [1]. We will use the value oL at the current de-
sired position folL (that isL = L(s*(¢), Z*(t)) rather than
L(s(1),Z(1)). With this choice, condition (21) is ensured
4.2 Control scheme along the planned trajectories and not only in a neighbor-

. . . . hood of the final desired position.
To track the trajectories using an image-based control rpe jnteraction matrix depends of t@&-vector. This vec-

scheme, we use the task function approach introduced bytor can be rewritten ai*(t) _ gfz*(t) whered” is an ap-
3(v); denotes thg*" components ofr proximated value oflf (that is the only parameter that has

(18)
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to be introduced “by hand”) an®*(¢) = [pi(t) - - - p%(¢)],
where [15]:

gy — _ det(G (1)) det(Go—Po) /P if X eIl

pit) (R+(Go-®o)TKnr ) Ktx;(1) ! €

S () = 000K PoKn| & Y odl

pi(t) IBHK+p! =K+ (Go—Po)I" (1)p (1)l i ¢
in which:

By = IKT @K (Go = 20T (0% (1]
|

I[K+@oKa/] K+ (1)
If the target is known to be motionless, we ha%% =

—L+—8— and the control law (20) can be rewritten as fol-

low 5g*
S
ot (23)

THos* _ T+1921 9vp 9zy, dyp T
where the ternL™ %5~ = L* [ % --- 52 2=]" allows

T.=-de+L"

to compensate the tracking error. More precisely, we have

from (16):

ox; 1 oG Og
ot a(t) | ot xi (1) + 5 ot

80@ %

ot x; (t)

(24)

and if we rewrite the collineation and the epipole as follow:

Gi(t) g1(t)
G(t)=| Gao(t) | g(t)=| 8(t)
Gs(t) gs(t)
we obtain from (15), (16) and (17):
G,
oG 6(25
St =~ [P0+ (Go + ®o)I()] = oy
ot
%
% = —80 = %
ogs
ot
a;i(t) = Ga(t)x7 (1) + Tigs(t)
Bt = Gt (D) + %
The term ~ is finally obtained by introducing the previous

relations i |n (24)

4.3 Experimental results

The proposed method has been tested in a positioning
task with respect to unknown scenes using a CCD camera
mounted on a six degree of freedom robot arm. In the first
experiment, the target is a non-planar object composed by
nine white marks. The extracted visual features are the im-
age coordinates of the center of gravity of each mark. The
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desired images have been acquired during an off-line step.
The algorithm proposed in [14] has been used to obtain the
initial collineation. The images correspondingto the desired
and initial camera positions are given in the Figures 3(a) and
3(b) respectively. The corresponding camera displacement
is very important§, = —195mm,b, = —610mm,b, =
—1455mm, (W), = —68dg, (ud), = —4ldg, (W), =
—144dg). In order to check the robustness with respect to
modeling errors of the proposed approach, two different sets
of parameters have been usedirect calibration: the cor-

rect intrinsic parameters and the correct valuelbf(that

is 36 cm) have been used (see Figureb&d calibration:

an error of 50% has been added on the intrinsic parameters,
while df has been set to 80 cm (see Figure 5).

1) Correct calibration: Planned and tracked trajectories
are plotted in Figures 4(a) and 4(b) respectively. We first
note that the tracked trajectories and the planned trajecto-
ries are almost similar. This shows the efficiency of the pro-
posed control scheme. The tracking errgt) — s*(t)) is
plotted in Figure 4(d), and it confirms the previous com-
ment since the maximal error remains small (always less
than5 pixels). The error on the coordinates of each target
point between its current and its desired location in the im-
age 6(t) — s*(1)) is given in Figure 4(c). The convergence
of the coordinates to their desired value demonstrates the
correct realization of the task. The computed control law
is given in Figure 4(e). Note finally that the camera optical
center move along a straight line as can be seen in Figure
4(F).

1) Bad calibration: First, we note that the planned and fol-
lowed trajectories obtained with or without modeling errors
are almost similar (refer to Figures 4 and 5). That con-
firms the robustness of the path planning and of the con-
trol scheme with respect to calibration errors and errors on
df. Once again, as can be seen in Figures 5(a) and 5(b) the
planned and the tracked trajectories are also similar. The
tracking error, given in Figure 5(e), remains small during
the servoing (less tha pixels). We note also the stabil-

ity and the robustness of the control law (see Figures 5(e)).
Once again, the task is correctly realized. This is shown
by the convergence of the image points coordinates to their
desired value (refer to Figure 5(d)).

(@)

Figure 3: (a) Initial image and (b) desired image

(b)



(e) (®

Figure 4: Correct calibration: (a) planned trajectories, (b)
followed trajectories, (c) error in image points coordinates
(pixels), (d) tracking error (pixels) (e) velocities (cm/s and
dg/s) and (f) camera trajectory.

(®

(e)

Figure 5: Bad calibration: (a) planned trajectories, (b) fol-
lowed trajectories, (c) error in image points coordinates
(pixels), (d) tracking error (pixels) (e) velocities (cm/s and
dg/s) and (f) camera trajectory.
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Figure 6: Block diagram of the interpolation and tracking
process

5 Case of Nimages

Classical visual servoing techniques make assumptions
on the link between the initial and target images, limiting
the applicability of these techniques to relatively small dis-
placement when the scene is complex. Indeed, if a sufficient
number of image features can not be matched in these im-
ages, the visual servoing can not be realized. We propose to
use relay images to cope with this limitation.

5.1 Obtaining the relay images

Recent work in image database analysis have emerged as
solution to the problem of retrieving and delivering images
from large database using query [4]. In our lab, these tech-
niques have been investigated [8]. We use these methods
to obtain the relay images between the initial and target im-
ages. In afirst off-line step, the robot acquires a large set of
images of its workspace. Ideally, these images must provide
a representative sample of all the points of view which could
be reached during the operational phase. Points of interest
of all these images are extracted (using the Harris detector
[9]) and some invariants are computed [21]. That allows on
the one hand to index these images in a database which will
be used to retrieve fastly images acquired during the oper-
ational phase, and on the other hand to match images by
pair. A graph is then derived from this matching. The nodes
of the graph are the images. An edge between two images
indicates that the images could be matched. The edges are
valuated in a way inversely proportional to the number of
matched image features (the matching is realized using the



algorithm proposed in [24]).

In the second on-line step, the robot acquires an initial
image at an unspecified place of its workspace. A task is
specified in the form of an image to reach. The system then
seeks in the image database the closest images to the initial
and desired images. The shortest path between these im-
ages in the graph is then obtained by using the Dijkstra’s
algorithm . We thus obtain an ordered set of relay images
such that between two successive images of this set a suffi-
cient number of image features can be matched. As already
stated, classical visual servoing could be used between two
successive images until the lastimage. However, using such
a process, the camera velocity would be null at each transi-
tion. That is why the trajectories in the images are planned.
The features are interpolated as for the case N=1 (see Sec-
tion 4.1) and the displacement is then carried out using the
control scheme described in Section 4.2 (see Fig. 6).

5.2 Experimental results

In this section, our approach is validated by realizing a
positioning task. The images corresponding to the desired
and initial camera positions are given in the Figs. 7(a) and
7(b). In this case, the SFMJ is impossible to realize. How-
ever, from the graph built with the image database, eight
relay images are obtained (see 8). The trajectories of in-
teresting points are then planned. The planned and fol-
lowed trajectories are given in the Figs. 8 and 9. We note
that these trajectories are similar. The camera trajectory
is given in the Fig. 10(a). The tracking error (defined as
5 37 (@s(t) — @7 (£) + (ws(t) — i (1)) and plotted in Fig.
10(b)) remains sufficiently small (always less than 5 pixels)
to ensure a good behavior of the control scheme.

Figure 7: (a) Initial image and (b) desired image

6 Conclusion

In this paper, we have addressed the problem of finding
and tracking image trajectories of visual features between
N relay images automatically extracted from a database.
The obtained camera trajectory corresponds to a minimal
path. The method is model-free and it does not need any
accurate calibration. By coupling the path planning step
with an image-based servoing, the proposed method im-
proves significantly the behavior of image-based servoing.
We have validated our approach in a robotic platform by re-
alizing positioning tasks with respect to an unknown scene.
Future work will be devoted to introduce nonholonomic
constraints in the planned trajectories.
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Figure 9: Followed trajectories



h?

!
i
(a) (b)
Figure 10: (a) Camera trajectory (m), (b) Tracking error
(pixels)
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