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2D ultrasound probe complete guidance
by visual servoing using image moments

Ra k Mebarki, Alexandre Krupa, and Francois Chaumette

Abstract—This paper presents a visual servoing method based cross-section image. However, up until now, few works have
on 2D ultrasound images. The main goal is to guide a robot dealt with the direct use of US images in visual servoing.
actuating a 2D ultrasound probe in order to reach a desired The rst work in this area has been presented in [1]. The

cross-section image of an object of interest. The method we . . .
propose allows the control of both in-plane and out-of-plane robotic task was to automatically center the section of théaa

probe motions. Its feedback visual features are combinations artery in the US image while an operator was telemanipudatin
of moments extracted from the observed image. The exact the robot. Visual servoing was thus limited to control only
analytical form of the interaction matrix that relates the image the 3 degrees of freedom (DOFs) of the in-plane motions of
moments time variation to the probe velocity is developed, and six the US probe. An US image-based visual servoing method to

independent visual features are proposed to control the 6 deges o
of freedom of the robot. In order to endow the system with the position a needle for percutaneous cholecystostomy has bee

capability of automatically interacting with objects of unknown Proposed in [2]. The needle was mechanically constrained
shape, a model-free visual servoing is developed. For that, weto lie in the observation plane of an eye-to-hand 2D US
propose an ef cient on-line estimation method to identify the probe, and only two in-plane motions were controlled by
parameters involved in the interaction matrix. Results obtained in visual servoing. In fact, the ability to control out-of-pia

both simulations and experiments validate this work and show the ti directly f the ob d 2D US i . |
robustness of the developed servo method to different errorsral motions directly from tnhe observe Images IS a rea

perturbations, especially those inherent to the noisy ultrasound challenge. The main problem is related to the manner a 2D

images. US probe interacts with its environment. Indeed, such asens
Index Terms—Visual servoing, medical robotics, ultrasound provides full information in its observation plane but none
imaging, modeling, model-free servoing. outside of it. Another alternative consists of using 3D US

imaging system. In [3], a motionless 3D US probe allows
guiding a laparoscopic surgical instrument actuated bybatro
[. INTRODUCTION arm. The robotic task was to position the instrument tip at a
e;p target location. The proposed approach is a positioedas
éechnique that requires an estimation of the instrumengepos
h%urrently 3D US imaging systems, however, suffer from low
pixel resolution, they are time consuming, present impurta
ost, and furthermore provide only limited spatial percapt
herefore, in the work presented in this paper, we focusyole
on the use of the 2D US modality.
Recently, few investigations have dealt with the issue of
ntrolling the out-of-plane motions from the observed 2D
S images. In [4] [5], a 2D US image-based servoing of a
Egpotized laparoscopic surgical instrument aimed at @tra

a desired cross-section image of an object of interest. |d'aC surgery has been presented. In those work;, a static
method makes direct use of the US images provided by t US probe opserved forceps connected to the t|p_of the
probe in the servo control scheme. Potential applications jnstrument. The_ mters_ectlon of '_[he US probe beam with the
numerous. For instance, in pathology analysis, it can bel u grceps results in two image points that were selected as the

to accurately position the 2D US probe in order to obtain ésual features in the servo scheme in order to control the 4
2D cross-section image having a maximum similarity with on OFs of that instrument. The robotic task was to automdyical

previously obtained with the same or other imaging modsiti position the forceps in such a manner that they intersect the
like MRI, and CT-SCAN. Also, during a biopsy or a radioYS beam at desired image points positions. However, those

frequency ablation, it could assist the surgeon for neeoqgrvoing methods deal With ima_ges ofinstrumen_ts With. known
insertion by positioning the probe on an appropriate sefite geometry, namely 3D straight lines. Recently, visual sexyo

to control a 2D US probe from image measurements obtained
This work was published in part at the IEEE Int. Conf. on Ratsoend Oln soft tissues has been presenteq In [6] That approachsmake
Automation,ICRA'09, Kobe, Japan, May 2009. ‘ direct use of the speckle correlation contained in the US B-
The authors are with IRISA, INRIA Rennes-Bretagne AtlaméigCampus  scan jmages in order to estimate the soft tissue displadsmen
de Beaulieu, 35 042 Rennes Cedex, France (e-hRi k.Mebarki, Alexan-
dre.Krupa, Francois.Chaume@irisa.fr). that have to bg compgnsated. However, that mgthod developed
solely for US images is devoted for compensation and can not

MAGE-based guidance is a promising approach to p

form a wide range of applications. Especially in medicin
different imaging modalities have been used to assist rit
surgical or diagnosis interventions. Among those moajti
ultrasound (US) imaging presents relevant advantagesmof n
invasiveness, safety, and portability. Particularly, vantional
2D US imaging affords noticeable more advantages that sire
real-time streaming with high pixel resolution, its widesad
in medical centers, and its low cost. In this paper, we pres
a visual servoing method to fully and automatically positio
a 2D US probe actuated by a medical robot in order to rea
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reach a desired image starting from one totally different. simulations and real experiments are presented and destuss
In this paper, we present a visual servoing method basiedSection VI.

on image moments that allows controlling both in-plane and

out of plane motions of a 2D US probe. The feed-back Il. MODELING

visual features are combinations of moments extracted fromThe robotic task consists in automatically positioning & U

the observed 2D US image provided by the probe. Usingobe held by a medical robot in order to view a desired cross-

image moments seems a judicious direction. Indeed, imaggction of a given soft tissue object. The choice of appeaberi

moments have the advantage of being general, and thosevisfial features and the determination of the interactiotrima

low order have intuitive and geometric meaning since theglating their time variation to the probe velocity is a fiand

are directly related to the area, the center of gravity, drel tmental step to design the visual servoing control scheme.

orientation of the object of interest in the image. Furtherep Let O be the object of interest andl the intersection o0

image moments do not necessitate a point-to-point matchinifh the US probe plane (see Fig. 1(a) and 1(b)). The image

in the image but a global segmentation of the object. They aromentm; of order  + Q is de ned by:

also robust to image noise since they are computed using an z

integration step (more precisely a summation on discrétize mj = < f(x;y) dxdy @

image), which Iters local errors in the segmentation of the fixv) = xi v d(x: US i .
object or in the extraction of its contours. That robustne&éhere (xy) = x'y', and(x;y) represent image point

is of great interest in US modality because of the very noi ordinates: .Note that we do not.consider the intensi;ylleve
images of the latter. Image moments have been widely used'inthe c_ie nition _Of moments, W.h'Ch means that an 'mage
computer vision, especially in pattern recognition aptiicns  Processing algorithm is rst applied to segment the objelct o

[10] [11] [12]. They have been introduced in visual servoin.

terest in the image, or equivalently to extract its contou
using cameras. For that, the interaction matrix that relatgge algorithm we have used in practice is brie y described a
the image moments time variation to the camera velocity h

beginning of Section VI). The shape of sect®rand its
been modelled in [13]. However, the modeling in the ca&on guration in the image are thus the only information used
of optical systems differs totally from 2D US one.

Indeeot,o design the visual features.
optical systems are generally modelled by a perspective orThe op;e_ctwe here is to determine the analytlcal form of the
a spherical projection from the 3D world to the 2D image '€ yarlatlonrgij of momen.tmij as function of the probe
For 2D US probes, all the information is available in thgelocﬂyv = (v;!) such that:
cross section, but none at all outside. This makes partigula mj = Lm; V (2)
dif cult the modeling and control of out-of-plane motions. _ ) ) _ ) )

New techniques have thus to be developed. That was attemﬁ[’}\?(?rev = (Vi Wi vz) and! = (1 Ly 1e) represent

) ; ; : o € translational and the rotational velocity componems r
in our previous work [7], where the interaction matrix rétat sépectively along and around thé,, Ys, and Z axes of the
a

the image moments was approximated. Moreover, only v rtesian framé&Rsg, attached to the US probe (see Fig. 1(b)).
visual features had been proposed to control the systente Whll.he two axesXs; Ys) lie within the image plane, while axis

at least six independent V|s_ual features_ are required taralon s is orthogonal to the lattel.,,, is the interaction matrix
the 6 DOFs. Furthermore, in that previous work, the 2D U . !
. . . ) S . Telated tom;; denoted by:
probe was considered interacting with an ellipsoidal dhjec £ a
whose 3D parameters were assumed coarsely known. In fact, Lmy = Myx My Myz My My Mg (3)

the interaction for out-of-plane motions depends stror@ly  one can intuitively note that the probe in-plane motions

the 3D shape of the observed object. This hindered ViSl{@!(;Vy;! ,) do not modify the shape of secti® but only its

servoing using 2D US images. All those shortcomings ajgsition and orientation in the image (see Fig. 1(a)). Adffer
addressed in the present paper. First, we develop the e’ﬁ‘}f—of—plane motiongv,;! x;! ), they also induce variations
analytical form of the interaction matrix that relates theage f e shape, as soon as the object is not a cylinder. We now
moments time variation to the probe velocity. Secondly, Wghier in the éomplete derivations.

propose six independent visual features to control the 6 DOF The time variation of moments as function of the image
of the system. Finally, we endow the system with the can@rbilipointS velocity is given by [13]:

of interacting with objects of unknown shape and location, af af M & 1,
thanks to a model-free visual servoing method we developn; = = x+ 7yL+ fxy) —+ Q dx dy
For this aim, an efcient on-line estimation method of the s @x @ @x @

(4)

parameters involved in the interaction matrix is proposed. N

The remainder of the paper is organized as follows. Itrﬁ]at canfnz written: R
Section I, we derive the exact analytical form of the inter- mj = @ (xf (x;y)) + @(Mf (x:y)) dxdy (5)
action matrix that relates the image moments time variation s @x @y
to the probe velocity. In Section Ill, we check this generalthere(x; y) is the velocity of an image poirfk;y) belonging
result on simple shapes like spheres. The on-line estimatitw the sectior. In order to determine the relation giving;
method of the parameters involved in the interaction matres function ofv, the image point velocity(x; y) needs to
is presented in Section IV. The visual servoing control law be expressed as function ®f which is the subject of the
brie y derived in Section V. Finally, results obtained intho following part.
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Fig. 1. Geometrical interpretation of the interaction of th® probe plane with the observed object: (a) global reptesen - (b) observed cross-secti@n
by a 2D US probe, whose frame three axes (X, Y, Z) and correspgnetlocities are represented - (c) Evolution of an imagenpBi due to out-of-plane
motion.

A. US image point velocity modeling the sliding of P on the object surface. We will show that it

Let P be a point of the contou€ of image sectiors (see €an be expressed so tH belongs to the plane tangent to

Fig. 1(a) and 1(b)). The expression of potin the US probe that surface. In other words, this rst constraint represethe
plane is: fact that the image motion of any contour pof{t) has to

SP = SR,°P + St, (6) belong to the contoug(t + dt) (see Fig. 1(c)). It is clear from
Fig. 1(c) that there is an in nity of possibilities for any jm

where °P = (x;y; 0) and °P = (°x; °y; °z) are the P(t) to be located at a poin®(t + dt) on C(t + dt). The
coordinates of poinP in the US probe framé Rsg and in  second constraint, we will see below, just consists in sielgc
the object framd Rog respectively. The former represents they direction for the image point velocity. More precisely, it
image coordinates oP. °R, is the rotation matrix de ning consists in choosing a direction 8. on the plane tangent
the orientation of the object franfeR,g with respect to probe to the object surface. Let us note that this way to proceed
framefRsg. 5to = (tx; ty; t;) is the translation de ning the s valid to determine the variation of the image moments,

origin of f Rog with respect tof Rsg. _ _ ~ since this variation is obtained by the integration of thaga
The time variation of P according to the relationship (6) is: point velocity all around contoUE. In other words, choosing a
Sp = SR,°P + SR,°P + St, @) different direction would modify the result for the imageimpio

velocity, but would not change the result for the variatidn o
We use the classical kinematic relationship that states: the image moments, which is what we want to achieve. This
Y SR = il s shows the relevance of image moments. We now determine
o = il "Ro (8) the equations related to these constraints described above
s = . + [st ] 1 q - - )
to PV OlE Let OS be the set of the 3D points that lie on the object
where[a]g denotes the skew-symmetric matrix associated turface. Any 3D pointP that belongs toOS satis es an
vectora. Thus, replacing (8) in (7), we obtain: equation of the formF (°x; °y; °z) = 0 that describes the
o object surface. The fact that any point©fS always remains
B= v [P+ PROR ©) on OS can be expressed by:
SinceP always appears in the image, its velocity expressed Oy 0y 05\ —
in the probe frame i8R = ( x; y;0). The pointP results from RCx 7y "2)=0, 8P 20S (10)
the intersection of the US probe planar beam with the objessuming that the object is rigid, we obtain:
surface. The only condition th& must satisfy is that it has Oy~ Oy O - @Fo @Fo,, 4 Q@Fo
to remain onC during the probe motions. Consequently, in (% %y "2) _ O@XF:(_:P@y Y* ez ¢ (12)
the 3D spaceP is a moving point that slides on the object = -
surface with a velocityP- = ( °x; °y; °z) in such a way that where®r F is the gradient oF expressed in the object frame
this point remains in the US probe beam. Note that whédiR,g. It represents the normal vector to the object surface at
only in-plane motions occufP- can be set to zero, which haspoint P, as depicted in Fig. 1(a) and 2. The constraint that
most sense since the observed section is the same in that cpsit P slides on the object surface is then:
Therefore,°R. is only generated by the out-of-plane motions. o E> op = o (12)
Thus, the relationship (9), that represents three comssrai -
has ve unknowns (the two we are looking for 2, and which ensures that vect8P. lies on the plane tangent to the
three in°R). In order to solve this system, two supplementargbject surface aP. This plane is denotetiin the following
constraints have to be established. The rst corresponds (8ee Fig. 2). Finally, we now determine the second congtrain
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US observation plane B. Image moments time variation modeling

Using the previous modeling of an image point velocity, the
analytical form of the image moment time variatiom; can
be developed.

The image points for which the velocity was modelled in the
previous section belong to contoGrof S. The image moment
time variationm; given by (5) has thus to be expressed as
function of these points and their velocities. That is doge b
formulating m;; on contourC thanks to the Green's theorem
[8], that states:

| | Z

Fy dx + Fy dy =
C c

Z U 1

@F @k

—j — dxd 21
s @x' @y xdy (21)

Therefore, by taking=x = i yf(x;y) andFy = xf (x;y) in

As explained above, velocityP. is only due to the out-of- (°): Mi IS reformulated as:

plane motions. This means that the most tangible directfon o ' '

°P is orthogonal to in-plane motions, namely the direction of Mj =i  [f(y)y]ldx+ [f(xy)x]dy (22)
the probeZ axis. SinceZs does not necessarily lie withiv ¢ ¢

wherein®R. is lying, we consider the projection &s on ¥ The image moments can also be expressed on corfour
as the direction ofP.. To conclude’P- has to be orthogonal instead on the image sectid® by using again the Green's

Fig. 2. Point velocity in the 3D spacBP- andN lie on %

to the vector’N, lying on ¥4 de ned by (see Fig. 2): theorem. By settindgry = J.Jﬁx‘ y'*1 andF, =0, we have:
|
o — 0 (o] H . .
N=°ZsE£ °r F (13) i = -| 1 X! yJ +1 dx (23)
I+l ¢

such thafZ is the expression d in the object framé R,g.
Itis de ned by °Zs = °Rg °Zs. The second constraint thatang py setting, = 0 and F, = 2 x*1 yi, we have:
de nes the orientation of2 can thus be written: | e
1 : :
°N” °R-=0 (14) mj = - x "1yl dy (24)
i+1 ¢

Going back to the relationship (9), it can be written:
Replacing now in (22) the expressions of the image points
S > s — . S > S > rs o
Ro P = i"Rov + "R [P ! + 7R (15) velocity (x; y) with respect tor, given by the relationship (19),
Multiplying (15) once by°r F> and then by’N~ and taking and then using (23) and (24), we nally obtain the elements

i1|/1to account the constraints (12) and (14), yields to: of Ly, dened in (3) as follows:
r F> SR> SR.= | or F* SR v + °r F> SR} [*P], ! S M = im o
°N” °Rg °*R.= j °N” SRy v+ °N” °Rg [FP]¢ ! % My = jmi;lj i,Jl
- _ (16) My = *mj i Ymj
Since welgave. ) My = *Mij+1 i YMija (25)
TE = PRorF a7 g my = i Xmi+:L;j + ymi+1;j
°N = PRo°N="°Z; £ °rF omy IMi; 41 0 JMis1y;1
the relationships (16) become:
& Sy E> Sp — : Sp E> sy E> T[S where: 23 H
re> SR = °5rF7v + 5r F? PP ! (18) my = Xy Ky dx 26
SN” SR = j SN” v + SN” [P], ! Ymj = X'y Kydy (26)

The above system of two scalar equations has two unkno

X_l?ndL which yields to the unique following solution: glmllarly to the image point velocity, we can note that the
2

terms corresponding to the in-plane motiomg, (v, ! ;) only

X = i Vxi Kyvzi YK+ xKyly+yl, (19) depend of the measurements in the image, while the terms
Y = i Vyi Kyvzi yKytx+xKylyi xt, corresponding to the out-of-plane motions (! «, ! y) require
with: s i ¢ also the knowledge of the normal vector to the object surface
Ky = fxf,=f2+ 12 for each point of the observed contour.
_ 2 2 (20)
Ky = fyf,=f2+f

y
such that’r F = ( fy; fy; f;). From (19) and (20) we can n
conclude that the image point velocity depends only of the

image point position as for the in-plane motiong,(vy, ! ;) In this section, we analytically verify the validity of the
and depends also of the normal vector to the object surfacegaheral modeling step on spheres. The case of cylindrical
that point as for the out-of-plane motiong, (! ,, ! y). objects is analyzed in [17].

. INTERPRETATION FOR SIMPLE SHAPES
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A. Image point velocity B. Interaction matrix
The 3D points lying on the object surface satisfy the The terms‘m; and’mj involved in (25) are calculated by
following relationship: substituting (36) in (26) where the momemts , m;; ; 1, and
X i , m;; 1; are identi ed according to (23) and (24). We obtain:
F(°x;°y;°2) = (°x=R)“+(°y=R)“+(°z=R)“j 1=0 (27 V2 : :
Cxyi72) = ( )7+ CY=R)TH( )i 27 myj = Yau [(j +1)my i jtymg; 1]=a

o . _ (37)
whereR is the radius of the sphere. The gradient veétoF Ymij = Yap[i (i+1)my +it,emi; g5]=a

is thus obtained by’r F = 2 (°x; °y; °z)” = & °P. which yields:
The point°P is expressed as function of its coordinates in

8 ) — Ytz
the US image using (6): -

a

mi i Ymj [kmij i itx mij a0 jtymig;a] (38)
with k = i+ j +2. We can note that the image moments time
variation, in the case of a sphere-shaped object, depergs on
of the image moments and the position of the sphere center
I){Yith respect tof Rsg.

Since the intersection of a plane with a sphere is a circle
(given by (35)), we can de ne only three independent feature

°P = R} (°P i Sto) (28)

Substituting (28) in the expression 6f F, given above,
we obtain the normal vector as function of the image poi
coordinates:

0 - 2 sps sp s from the image. The simplest choice is obviously the aea
rF=25°R; (P i Sto) (29) : : )
R of the circleS, and the coordinates, yg) of its center of
that we express in the probe frame: ?rﬁwity. They are E;je ned in terms of the image moments as
ollows:
St F = ZSRoSR; (P i Sto) <a = Mo
= 5z (P gto) (30) . Xg = Mype=Mgo (39)
" Yg = Mo1=Moo

Remembering the expression & and St, given in Sec-

) . The interaction matrices of these features are derived by
tion 1I-A, we obtain:

replacing (38) in (25). We obtain after some developments:

er:%(xitx;YIty; i tz)” Bl La =2%t] 0 1y ixg 0 ]
Lx, = [ i1l 0 0 0 jt; vyg ] (40
The coefcients K, and Ky, involved in the image point Ly, = [ 0 j1 O0t, O i Xg 1
velocity (19), are calculate.d according to the relation)(20 As expected, the area does not vary with the in-plane
Yo Ky = it (Xi tX):_l (X0 t)2+ (Y] ty)zg motions. Also, the coordinateg, y,) of the center of gravity
Ky = it (Vi 4)= (i b)2+(yi )2 (32) do not change in response to translational motion in the

direction of the probe z-axis. Finally, we can note that when
We can note that the US image point velocity does not depend= 0, all the coef cients of the above interaction matrices,
on the rotation matriXR, between the object frame and thénvolved in the probe out-of-plane motiong, (! ,, ! y), are
probe one. This can be explained by the fact that a sphere kgsial to zero. This can be explained by the fact that, when

no orientation in the 3D space. t, =0, the US probe plane passes through the sphere center.
We write now the coef cientK x andKy in a more compact For example, the image section araais maximal at that
form. The constraint (27) is formulated as follows: con guration and then decreases as soon as the plane moves
away from that pose. This means that the derivativa wifith

F(°x;°y;°z) = izop> °Pi 1=0 (33) respect to the US probe posé, (°h, 2 SEj3) is equal to

R zero at that con guration (i. e@a=&, = 0) and then, since
Replacing®P given by (28) in (33), we have: a= @a=@,¢h, we havea=0.

(°P i °to)” (°P i °to)i R®=0 (34) IV. NORMAL VECTOR ON-LINE ESTIMATION
Remembering then the expressionsséf and St, given in As shown in Section II-B, the interaction matrix relatingth
Section II-A, yields: image moments requires the knowledge of the normal vector

to the object surface. This normal vector could be derived if

(Xi t)?+(yi ty)?+t2j R?=0 (35) a pre-operative 3D model of the object was available. That

would also necessitate a dif cult calibration step to lozal
that represgnts the equation of a circle of cefiterty) and of - the object frame in the sensor frame. Moreover, that dedrat
radius¥e= = R?j t2. Thus, the area of the image section isvould be possible under the assumption that the object is
a= Ya%%= YiR?; t2). Replacing (35) in (32), the coef cients motionless. To overcome this limitation, we propose in this

Kx andK, are nally obtained as follows: section an ef cient on-line method that uses the successive
) 2D US images to estimate the normal vector.

x =i Yab(Xi tx)=a (36)  Letd; be the tangent vector to cross-section image contour

Ky=i%t(yi ty)=a C at pointP such that it belongs to that observed image (see
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ab)

US observation plane (image)

Zs

Fig. 4. Object cross-section contour 3D evolution. The arigtienotes the
polar orientation of the point in counter-clockwise serigés de ned using
as origin the center of gravity of the object and the orieatatvith respect
to X s axis of the image plane.

Fig. 3. Surface normals: planar curved lines.

the robot odometry. One should notice that the above model
Fig. 3). Letd; be another tangent vector to the object surfagelates a planar curve. This has the advantage to make the
also atP. This vector, in contrast tal;, does not belong to estimation more robust to different perturbations due t® th
the image plane. Therefore, from these two vectors we canisy images and the system calibration errors. Estimdtiag
express the normal vectar F in the sensor framéRs(t)g curve K consists in estimating the vector parametérs
by: ("2; ¢é2; "15 ¢é1; 0; én)- The system (42) is written as follows:

°r F=°di £ °dy (41) Y=0F (43)

Since °d; lies in the US probe observation plane and is
moreover expressed in franh®gg, it can directly be measured

from the observed image, which is not the case’ty. Thus = 'x o> _ 22 0 'z 0 1 0’
we only need to estimatéd, in order to obtain’r F. We 'y 0 22 0 'z 01
propose to use successive US images to estimate this vector. (44)

The principle is to estimate, for each point extracted froie Propose to perform the estimation by means of a recursive
the contourC, a 3D curved line, denotel, that ts a set of €ast squares with stabilization algorithm [18]. It cofsim
successive points extracted from previous successivedmaglinimizing the following quadratic sum of residual errors:

at the same image polar orientation (see Fig. 4). To illtstra

the principle, consider the two cross-section image castou j (£ i) = () (Y iy ©[>i]£[i])> (Vi ©F £i)

C(t) observed at time¢ and C(t + dt) observed at time + dt i=to

after an out-of-plane motion of the US probe (see Fig. 4). The (45)
points P (t) and P (t + dt), extracted respectively fror@(t) whereO<"~ - 1is a forgetting factor, used to assign a weight

andC(t + dt) at the same polar orientatidn lie on the object ~ (i to) to the different estimation errors in order to take more
surface, and consequently, the cuigethat passes throughinto account the current measure than the previous ones. The
these points is tangent to the object surface. The diredfon estimatef is obtained by nullifying the gradient df(£) and

K, at P(t), is nothing but the tangent vectd; we want to is thus given by the following recursive relationship:

estimate. In other words, having a set of points at the same

polar orientation that have been extracted from succesfe s

images, the objective is to estimatethat best ts these points. £u=£n 0+ Fu©n Ypi O £ 1 (46)
Using a curve allows considering the curvature of the object

which was not the case in [19] where such points have be®whereF; is a covarianceés £ 6 matrix. It is de ned by the

tted with a 3D straight line. recursive expression:
We propose to represent the curve by an analytical model of
. il - —pil LTy T
a second ordf/zr gs foIIows.l | Fh] = Fiti gt ©[t]©[>t] +(@1i ) ols 47)
'x = 122+ 71'z+

iy = w2tz (42) wherelg is the6£ 6 identity matrix. lee initial parameters are

@ a @ set toFy,) = folg, withO<fq - 1= oandé[to] =£ o. The
where’; _, ., andgj,_, ., are 3D parameters to be estimatedybjective of the stabilization terrflj ) ole is to prevent
and'P = ('x; 'y; 'z) are the coordinates of poir® in the matrix FH becoming ill-conditioned when there is not
the initial probe framd Rjg. These coordinates are obtaine@&nough excitation in the input signal, which occurs when
after expressing the image coordinates in frdrReg, by using there is no out-of-plane motion.
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The tangent vectdrd, to the curveK can then be derived by: where:

3
2 @X:@Z 3 i 1 0 ngz Xg!x Xg!y yg
idt =4 @y:@z S) (48) 0 i 1 ygvz yg!x yg!y i Xg
1 L= 0 0 ®; ®ix ®y i 1 (54)

| . TR0 0 P o P O
Applying (48) on (42), we get the formula 6; as follows: 0 0 A, A Ay 0
27,0747, 0 0 Ay, Ay Ay 0

di =4 260z+ ¢ O (49) The expressions of some elements involved in (54) are not

1 detailed here bpecause of their tedious form. On one hand, we

can check that a, A;, and A, are invariant to the in-plane

Finally, the normal vectofr F is obtained by taking back
the relationship (41) after expressihg; in the probe frame
once the parameters are estimated Sty = "R °R; 'd;.
PR and®R; are the rotation matrices de ning respectively th
orientation of frame$ Rsg andf R;g with respect to the robot
base framd R,g. They are obtained using the robot odometry. Ve =i, C‘S L(si s (55)

motions {x, vy, ! 7). On the other hand, the remaining features
' Xg, Yg and® present a good decoupling property for the in-
é)lane motions owing to the triangular part they form.

Finally, a very classical control law is used [15]:

where v is the US probe velocity sent to the low-level
V. VISUAL SERVOING robot controller,, is a positive control gairs® is the desired
We now present the visual servoing scheme. The visudsual features vector, ar{(‘:iiS 1 is the inverse of the estimated
features are selected as combinations of the image momentsraction matrixL s.
such thats = s(mj ). To control the 6 DOFs of the probe, The control scheme (55) is known to be locally asymptotjcall
we have to select at least six independent visual features. Gtable when a correct estimatidly of L is used (that is, as
selection is as follows: soon asLs 1> 0) [15].
p_ . Some of the experiments presented below have been conducted
S=(Xg: Yo ® " a; A; Ag) (50)  with less than six features in the visual vecsoin those cases,

Xg. Vg, anda have already been introduced in Section I1I-BStead 9f using*L * in (55), we use the pseudo invert¢
and are given by the relationship (3®,is the angle of the 9iven by:

3 .
main orientation of the object in the imagd; and A, are 0 = €7 007 ' (56)
moments invariant to the image scale, translation, andioota
[14]. They are given by: VI. RESULTS
8 1 ° 2 ' The methods presented above have been implemented in
2 ® = jarctan i C++ language under Linux operating system. The computa-
> Al = 1=l (1 tions are performed on a PC computer equipped with a 3 GHz
A = 5=l processor. The image processing used in the experiments

where! j; is the central image moment of ordief j de ned presented in Section VI-C through VI-E is described in [20]
by: 27 In few words, it consists in extracting and tracking in réate
i : the contour of the object of interest in the US image using a
Yy = S(X i Xg)' (Yi Yg) dxdy (52)  snake approach and a polar description to model the contour.

— 2 . — 2 . 2
and wherel, = 1211 i *20%02, '22 =4+ (T2 ! 022) ' A. Simulation results from an ellipsoidal object
l3=(%30i 3%12)°+(3 421i *03)%, andly = (T 30+ 12)"+ | ¢ part desianed a simulator in C++ |
(1 1+ 1 03)2. We select’ gjinstead ofa in the visual features hn a rhs part, we e5|?ne a simufator in L . angu?ge
vector sincexg, yg, and " a have the same unit. The lastVhereé the interaction of a 2D US probe with a perfect

three elements of are selected to control the probe out-of€!liPSoid-shaped object is fully mathematically modellédr -
plane motions. Indeed, all these features are invarianhto F1S Simulation, we assume the exact knowledge of the object

plane motions, which allows the system to be partly decaliple>2 Parameters and its location. This allows us to rst vaia
(A., A;) have been chosen since they are invariant to sczme theoretlcal deyelopmgnts presented m_Sect.lon II.dee
and are thus not sensitive to the size variation of the crodd-this case the interaction matrixm, i derived in Section
section. ConsequentlyA(, A,) are expected to be decoupled'B: IS €xpected to be exact since all its parameters can be
with the areaa. FurthermoreA; and A, are also expected to computed_ from the mathematical model. The image points
be independent from each other since the former is calalilafy the object contour are also computed directly from the

from moments of order 2 and the latter from moments dpathematical model. The half length values of the ellipabid
order 3. object main axes aréa;; ay;az) = (1, 2.5, 4) cm. Since the

The time variation of the visual features vector as functiofft€rsection of an ellipsoid with a plane is an ellipse, onty

of the probe velocity is written using (25) and (26), as folo independent visual features can be de ned. In tBa} case, the
visual features vector we choose ds= ( Xg;Yg;®; a;Ar).

s=LgvVv (53) The control gain is set to 0.7. The corresponding simulation
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o US images )
Probe 3D irajectory o — Initial image Probe 3D trajectory
4. o : — Desired-Reached ima B i o
5 3y
4 \ 2 - -
US probe images 1 2Eili
8
4] 9 1 2
g 3| 0 73
S 2 1
> 1 -2 2 6
= X (cm)
0 — Initial image J
1 — Desired-Reached imag (a) (b)
2 4‘—‘—‘J i .
0 2 4 6 4 Visual features errors Probe Velocity response (cm/s and re
X (cm) “ 2,
3| |
(a) (b) \ 1,5\\
\
) ) P ‘
Visual features errors Probe Velocity response (cm/s and re 1 \\
) 3 V. vV __ V. __W__W W, 1 \
3\\ ‘ e Z{ 05\
\ 0 RN
2 1 ol —
1 2 -05
0 50 100 150 200 250 300 00 50 100 150 200 250 300
o Iterations number Iterations number
1 (© (d)
20 50 100 150 200 250 300 S0 50 100 150 200 250 300 Fig. 6. Simulation results from a cylindrical object: (a) UBadges where
Iterations number Iterations number P . . . . :
the initial cross-section image is contoured with green &eddesired-reached
(c) (d) ones are contoured with red - (b) Interaction between theali2D US probe

and the object where the initial cross-section is contouwvll green and the
Fig. 5. Simulation results from an ellipsoidal object: (a) W$ages where reached one is contoured with red - (c) visual features ertione response
the initial cross-section image is contoured with green &eddesired-reached (cm, cm, rad, cm, unit) - (d) probe velocity sent to the virtuddabcontroller.
ones are contoured with red - (b) Interaction between theali2D US probe
and the object where the initial cross-section is contowvigd green and the

reached one is contoured with red. The probe 3D trajectony imagenta .
where the initial and the reached probe frames are each onesesied by has been performed by the probe as can be seen on Fig. 6(d)

the three axes (X, Y, Z), that are respectively depicted witee (red, green, and 6(b)_

blue) lines - (c) visual features errors time response (cm, @ah, cm, unit) : : ;

- (d) probe velocity sent to the virtual robot controller. After va_ll_datlng the theoretical deve!opme_nts, we test now
the capability of the system to deal with objects of unknown
shape thanks to the on-line estimation method presented in

results are shown in Fig. 5. We can see that the ve visuf@ection 1V. That is done in the following experiments that
features errors converge exponentially at the same time @@nsist in applying the model-free servoing method on dbjec
zero and the reached cross-section image corresponds toWif@out any prior information about their shape, their 3D
desired one (see Fig. 5(c) and 5(a)). Furthermore, a caarett Parameters, nor their location in the 3D space.

smooth motion has been performed by the probe as can be seen

on Fig. 5(d) and 5(b). These results validate the theotletiqa. simulation results from a virtual binary object

developments presented in Section I We present now the case a 2D US probe interacting with
) ) o ] an object whose shape does not present symmetries. This will
B. Simulation results from a cylindrical object allow to reach not only a desired image but also to position
We also tested the method in the case a 2D US proberrectly the probe with respect to the object, by contngili
interacting with a cylinder-shaped object. Similarly toeththe 6 DOFs of the system. The visual features vestds
previous simulation, the object 3D parameters and its locat now given by (50). We consider for this simulation a virtual
are assumed to be exactly known, thanks to a mathematiobject represented by a binary volume constructed from 100
model we developed. This simulation allows us to validat@nary cross-section images. A simulator, employed in €],
the generality of the developed method in the sense thahit assed to perform the interaction of a virtual 2D US probe with
deal with different shapes. The half length values of theotbj the volume. It allows to position and move the 2D virtual
main axes arda;;ay) = (1, 2.5) cm. Since the intersectionprobe, and provides the corresponding 2D US image. This
of a plane with this cylinderg; 6 ay) is an ellipse, we can simulator has been built from the Visualization Toolkit (K
again de ne only ve independent visual features. We selesbftware system [21]. VTK is used to render the 3D view
similarly s = (Xg;Yq; ®;" a; A;). As before, the control gain of the ultrasound volume and generate the 2D cross-section
, issetto 0.7. The corresponding simulation results are showmage (see Fig. 7(a) and 7(b)), observed by the virtual 2D
in Fig. 6. As expected, we can see that the ve visual featur@sobe, by means of a cubic interpolation. No information
errors converge exponentially at the same time to zero amd tibout the object 3D model nor its location in the 3D space
reached cross-section image corresponds to the desired Bn@rovided nor used in this trial. The simulation consists
(see Fig. 6(c) and 6(a)). Also, a correct and smooth motiorst in learning a desired cross-section image target, {iasi
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() ! ) - ) i
) Fig. 8. Experimental setup consisting of a 6 DOFs medical rabot (right),
Visual features errors Probe Velocity response (cm/s and re a 2D ultrasound probe transducer, and a water lled-tank.

2 A\ ‘761762—53—94*85 e
15\
0; \\ - reached cross-section image corresponds to the desired one
o L o / (see Fig. 7(c) and 7(b)), and this despite the large difiezen
05—/ from the initial image (see Fig. 7(a)). The pose reached by
,1\/ _ Y, W, W) the probe corresponds to the one where the desired image
15— E ' o & @ b w was captured (see Fig. 7(e)). Moreover, correct and smooth
behavior has been performed by the probe as can be seen on
© @ Fig. 7(d) and 7(e). This result validates the model-freehmet
Probe 3D trajectory developed in this paper as well as the relevance of the gmtect

of the six visual features to control the 6 DOFs of the system.

D. Experimental results from a spherical object

We rst present experimental results where we consider the
simple case of a 2D US probe interacting with a spherical
object. We use a 6 DOFs medical robot arm similar to the
Hippocrate system [22] that actuates a 5-2 MHz 2D broadband
US transducer (see Fig. 8). The PC computer grabs the
US images with a cadence of 25 frames/s to compute the

(e)

Fig. 7. Simulation results from a virtual binary object: (ajtial cross-
section (contoured with green), just before launching aiiservoing, to reach
the target one (contoured with red) - (b) the desired cressien is reached
after visual servoing - (c) visual features errors time resgo(cm, cm, rad,
cm, unit, 1& unit) - (d) probe velocity sent to the robot controller - () 3
trajectory (m,m,m) performed by the probe (the trajectory cgpomding to
the moving away with constant velocity is ploted with magenthjle that
obtained by visual servoing is ploted with cyan) that reethe pose where
the target image has been captured.

(b)

Visual features errors "
Probe Velocity response (cm/s and re

e, 0,
the probe at a different pose, moving away from that pose Ji 02
by applying a constant probe velocity during 100 iteratjons 9 —%| oy
and then applying visual servoing in order to retrieve the 0
desired image. During the moving away with constant probe '°-1T¢/
velocity, a non-recursive least squares algorithm of 60gesa 5 o2
window is applied in order to obtain an initial estim#tg. The ] zj |
control gain, is set to 0.2, and the parameters involved inthe ° 2  %e® ® I
recursive algorithm to estimate the normal vectorare 0.8, © (d)

fo= 1e6, and o = 1=(20¢ o). The corresponding simulation

resultd are shown in Fig 7. We can see that the ViSU%’g' 9. Experimental results from a sphere: (a) initial cresstion image
o contoured with green), just before launching visual selypto reach the

features errors converge roughly exponentially to zerotled target one (contoured with red) - (b) the desired crossieeanage is reached
after visual servoing - (c) visual features errors time resgo(cm, cm, cm)
1A video accompanies the paper. - (d) probe velocity sent to the robot controller.
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control velocity that is sent to the robot at the same rate
frequency. Since the system interacts with a sphere, we can
select only three independent Ia/isual features to contrel th
system. We choose = (Xg;Yg; @) (see Section lll). The
experiment consists rst in learning a desired cross-secti
image target, move away from it by applying a constant probe
velocity, and then applying visual servoing in order to feac
that desired image. The control gajnis set to 0.1. The
. : . . : (a) (b)

parameters involved in the recursive algorithm to estimate
the normal vector, presented in Section IV, are= 0:8, , Visual features errors ,

— . . Probe Velocity response (cm/s and re
fo = 1le6, and o = 1=(20 ¢fy). During the moving away 0.1
with constant probe velocity, a non-recursive least scgiare 1
algorithm of 60 images window is applied in order to obtain
an initial estimate€ o. The corresponding experimental restilts ~ °| == | oo
are shown in Fig. 9. We can see that the three visual feature ; “ / ]
errors converge exponentially to zero and the reached cross |
section image corresponds to the desired one (see Fig.l®{C) @ 25— o 0 150 5o %

0.1

3 6 0 20 40 60 80 100 120
9(b)). Moreover, the probe has performed a correct behagor time (s) time (s)
can be seen on Fig. 9(d). This result gives a rst experimenta © ©)

validation of the model-free servoing method proposed is th
paper.

E. Experimental results from a soft tissue object 0.77

Finally, we test the method during experiments on an asym- 0.77
metric object, in such a way we can use six visual features. Th > 77
vectors is now given by (50). We use the same medical robot
and 2D broadband US transducer described above (see Fig. 8).
The object considered is made by gelatin immersed in a water -0.088
lled-tank in such a way to mimic a real soft tissue. The
experiment consists in rst learning a desired cross-secti
image, move away from it by applying constant probe velocity (e)

during 5.5 seconds, and then applying the visual servoi
9 pplyINg rl:-l% 10. Experimental results from gelatin object: (a) adittross-section

developed in this paper in order to retrieve the deSire_d BNaGcontoured with green), just before launching visual seoto reach the
The control gain_ is set to 0.05, and the parameters involvetrget one (contoured with red) - (b) the desired crossimeds reached after

in the recursive algorithm to estimate the normal vectoraare Visual servoing - (c) visual features errors time response, €m, deg/10,
cm, unit, 1@& unit) - (d) probe velocity sent to the robot controller - (e)

usua_\l_ = 0.8, fq = 1le6, and o = 120 ':tf 0). During the 3D trajectory (m,m,m) performed by the ultrasound probe (thgedtary
moving away with constant probe velocity, a non-recursiv@rresponding to the moving away motion is in magenta and thestirel

least squares algorithm of 60 images window is performé‘dﬂing visual servoing is in green) that retrieves the pose &tared point)
. . o . . where the desired cross-section image was captured.

in order to obtain an initial estimaté . The corresponding

experimental resultsare shown in Fig. 10. We can see that the

six visual features errors converge exponentially to zerd a
the reached cross-section corresponds to the desired eae

Fig. 10(c) and 10(b)). As expected, the US probe automética roposed to control the 6 DOFs of the system, thus allowing

comes k.)aCk very near to the pose where the desired cro i accurate positioning of the 2D US probe with respect to
section image was captured (see Fig. 10(€). The pose eIMRKS observed object. For that, we made the assumption that
are (0.4, 0.6, -0.2) mm and (0.05, -0.7, -0.8) degree for ttPﬁe observed object is not symmetric. If it is not the case,

phosi;i_?fn and theuubro_tation rt_aslpectively. l\(/ljok;eO\r/]er, CI?Spitethe probe may not be correctly positioned with respect to the
the different perturbations mainly generated by the Vengyno qp,qepeq object. This is due to the fact that an in nity of

'mages and. system calibration errors, the robot performedpPobe positions may correspond to the same desired US image.
smooth _mot|on as can be seen on F!g. 10(d) and ;O(e). . The servoing system has been endowed with the capability
Expen_mental results obtained using a .Iamb Kidney My automatically interacting with objects of unknown shape
mersed in a water- lled tank are described in [19] and [17].Without any prior knowledge of their 3D parameters nor

their 3D location, by developing a model-free visual semgoi
VII. CONCLUSION method. For that, we proposed an ef cient on-line estinratio
The contribution of this paper is a new visual servoingechnique of the 3D parameters involved in the servo scheme.
technique from 2D US images by using image moments. Thée results obtained in both simulations and experiments ha
exact analytical form of the interaction matrix that relateshown the validity of the developed method and its robustnes

0.085

.0.084 0.065
4
X

he image moments time variation to the probe velocity has
en developed. Six independent visual features have been
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with respect to the noisy images. The method we proposgd] C. Collewet: “Polar snakes: a fast and robust parameittve contour
is general in the sense that it can be applied to different model’, IEEE int. Conf. on Image ProcessinGairo, Egypt, Nov. 2009.
. . daliti h like US ide full inf .. ] W. Schroeder, K. Martin, B. LorenserThe Visualization Toolkit: An
Imaging modalities that, like US, provide full information Object Oriented Approach To 3D Graphijc3rd Edition, Kitware, Inc.
their observation plane, as MRI and CT-SCAN for instance. Publishers.
The presented model-free visual servoing is however ctlyren[22] F. Pierrot, E. Dombre, E. Degoulange, L. Urbain, P. CasnBoudet,
d ted for motionless obiects. Considering moving oliect J. Gariepy, and J. Megnien: “Hippocrate: A safe robot armrf@dical
evote A I : ) g g ) ] applications with force feedbackMedical Image Analysis (MedIA)
can be technically addressed by using a high sampling rate 3(3):285-300, 1999.
frequency in the on-line estimation algorithm and the visua
servoing in such a way that they become insensitive to those
motions. Nevertheless, if the object moves with a high viglpc
the on-line estimation algorithm may fail. That is the raaso
why it will be necessary to theoretically improve the model-
free servoing method in the future to take into account such
motions.
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