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Abstract— Since its inception about three decades ago, many procedures are performed using magnified, monoc-
modern minimally invasive surgery has made huge ad- ular vided images, thereby severely reducing the depth
vances in both technique and technology. However, the perception and field of view of the surgeon. At the
minimally invasive surgeon is still faced with daunting gzme time, the scale of many such procedures is quite
challenges in terms of visualization and hand-eye coor- small, making it challenging to perform the required

dination. ipulati the | ful ided by th
At the Center for Computer Integrated Surgical Sys- manipulations over the farge fuicrum provide y Te

tems and Technology (CISST) we have been developinginStruments which are constrained at the insertion point.
a set of techniques for assisting surgeons in navigating Finally, the remote dexterity of the surgeon is often
and manipulating the three-dimensional space within the severely limited by the structure and design of the
human body. In order to develop such systems, a variety of instruments themselves. For example, most traditional
challenging visual tracking, reconstruction and registrdion  jnstruments do not include a remote wrist that would
problems must be solved. In addition, this information 5jow reorientation of the end-effector.
musF be tied to methods fp_r assistance that improve At the CISST ERC we have been developing a
surgical accuracy and reliability but allow the surgeon ) - . L2
to retain ultimate control of the procedure and do not set of teghnlqges for aSSIStmg Surgeons n ”a"'g"?‘“r.‘g
prolong time in the operating room. and manipulating the three-dimensional space within
In this article, we present two problem areas, eye the human body. In order to develop such systems, a
microsurgery and thoracic minimally invasive surgery, variety of challenging visual tracking, reconstructioman
where computational vision can play a role. We then registration problems must be solved. In addition, this
describe methods we have developed to process vidednformation must be tied to methods for assistance that
images for rglevant geome_tri_c informatic_)n, and_ related improve surgeon accuracy and reliability, allow them
C(_)ntrol algorithms for prowdmg interactive assistance. i, retain ultimate control of the procedure, and do not
Finally, we present results from implemented systems. significantly extend time in the operating room.
In this paper, we will review applications of computer
|. INTRODUCTION vision and vision-based control for micro-surgery of
Modern minimally invasive surgery developed slowlyhe eye and minimally invasive thoracic surgery. Our
over the twentieth century until, with the advent oémphasis here is to portray the broad spectrum of
rod optics and fiber-optics (shortly after World Wagpplications, and, by extension, the rich set of science
II), the automatic insufflator (in the 1960’s), and th@nd engineering problems they present. Much of this
first solid state camera (1982), it became a practicalterial is taken from our recent publications in this
reality. Continued advancement in tools and techniquasea, including1, 2, 3, 4].
has established minimally invasive surgery as a standard
of care in many areas of surgical practice. Today, thg|. RELATED WORK ON INTRA-OPERATIVE VISION
same basic concepts of remote visualization and remote AND ROBOTICS
manipulation of a physically removed surgical site can
be found in diverse areas of surgical practice includin%
eye, ear, throat, and sinus surgery.

Des_pite i.tS widespread use, the Cha”enges in- Mini-1Ajthough stereo imaging systems are now commercially alat},
mally invasive surgery are manifold. First and foremoshey have yet to find widespread use.

One can generally divide the notion of image-guidance
to two categories: 1) guidance based on pre-operative



images and 2) guidance based on intra-operative imag-
ing. The former is well-established in a variety of mar-
keted systems for surgical navigation (e.g. the Stealth-
Station by Medtronic Inc.) and robotic interventions (e.g.
the ROBODOC system by Integrated Surgical Systems).
In this article, we will concentrate on the latter, with a
focus on the use of video imagery for interactive surgical
guidance.
Most prior work on image-guidance has concentrated
on ultrasound and fluoroscopy. Abolmaesumi, Salcud-
ean and Zhu have done work on developing a robotic
assistant for ultrasound]. The principle goal has been
to develop visual tracking and servoing techniques that
compensate for patient motion in the plane of the ultra-
sound image. Hong et al6] describe a needle insertion
instrument which can track a moving object based on
visual servo control and tumor specific active contour
models. Real-time ultrasonic image segmentation is used
to drive the needle. Fig. 1
An algorithm for automatic needle placement using The anatomy of the eye.
a 6-DOF robot during minimally invasive spine proce-
dures is described by Corral et a¥].[ The placement
is achieved with closed-loop position control of the
needle by segmenting the needle in the x-ray imag#dage analysis, modeling, and matching in a flexible,
to find its position. This is then used as feedback @eformable environment (such as the abdominal cavity).
control the robot and move towards the desired targdgp-down and bottom-up activities are reconciled by
Cadaver studies over twenty trials resulted in an averag®ot servoing mechanisms for executing choreographed
distance error of 1.21mm. Navab et aB] [describe Scope movements with active vision guidance. This
a method for image-based guidance of a surgical todaneuvering allows the surgeon hands-free control of
during percutaneous procedures. Visual servoing, usitig visual feedback and reduces the risk of inappropriate
projective geometry and projective invariants, is used §&0pe movements. This framework is described and pre-
provide precise 3D-alignment of the tool with respediminary results are given on laparoscopic image analysis
to an anatomic target. This approach also estimates fae segmentation and instrument localization. Wei et
required insertion depth. Experiments with a medical- [11] describe a visual tracking method for stereo
robot inserting a needle into a pig kidney under X-rakaparoscopes. The use of color segmentation is used
fluoroscopy are discussed. instead of shape analysis to correctly locate a surgical
In recent work, a robot vision system that automatAstrument in the image.
ically positions a laparoscopic surgical instrument is
described by Ginhoux et al9]. Laser pointers are fitted [1l. TWO APPLICATIONS

on the instrument to emit optical markers on the organ. A 5 ,r model of a surgical assistant generically includes

visual servoing algorithm is used to position the surgicgl tareo video observation system, and a robot manip-

instrument by combining pixel coordinates of the 1asgfiyieq or guided by a surgeon. Here we describe two
spots and the estimated distance between the organ QBQcific applications of this type.

the instrument. The system does not require knowledge

of the initial perspective position of the endoscope and

the instrument. Successful experiments using this systém Micro-surgery of the Eye

were done on living pigs. Wang and Ueké&f] describe  Age-related macular degeneration (AMD), choroidal
a framework that utilizes intelligent visual modelingneovascularization (CNV), branch retinal vein occlusion
recognition, and servoing methods to assist the surgd@®R\VO), and central retinal vein occlusion (CRVO) are
in manipulating a laparoscope. It integrates top-dovamong the leading causes of blindness in individuals over
model guidance, bottom-up image analysis, and surgedme age of 5012, 13]. Current treatments involve laser-
in-the-loop monitoring. Vision algorithms are used fobased techniques such as photodynamic therapy (PDT)



Fig. 3
A 10 pi.d. glass pipette near a retinal blood vessel as seen throug
the surgical microscope at high magnification.

Fig. 2
The typical setup for retinal eye surgery. A surgeon obsethie
retina using a stereo microscope (looking through the @rne
Tools are inserted through the schlera near the cornea &sadhe
retinal structures at the rear.

a 7 DOF robot equipped with a force sensing handle
at the endpoint. Tools are mounted at the endpoint, and
“manipulated” by an operator holding the force handle.
The robot responds to the applied force thus permitting
a means of direct control for the operator. The robot
has been designed to provide micron-scale accuracy, and
to be ergonomically appropriate for minimally invasive

_ _ microsurgical tasksZ8g].
and panretinal laser photocoagulation (PRP). However,uSing the Steady-Hand robot, we have developed two

these treatments sometimes result in a high recurrene®sions of a retinal testbed as shown in FigéreA

rate or complications leading to loss of sigh#{ 19. , ajiminary testbed was first used to validate the basic
Recently, alternative approaches employing direct M@ncepts of vision-guided retinal surgery at a larger
nipulation of surgical tools for local delivery of ClOtscale More recently, we have developed and demon-
dissolving drug to a retinal vein (vein cannulation) Ofyateq an integrated visualization and assistance system
chemotherapeutic drugs to destroy a tumor have been @iz ating at the micro scale. However, since quantitative
tempted with promising results (see Figdror a review oo tormance results for this system are not yet available,
of eye anatomy). However, these procedures involve Mag 15 reported here are for the preliminary testbed.
nipulation within delicate vitreoretinal structures. lder For this testbed, we placed a stereo camera pair

the challenges of small physical scale accentuate seline 18cm, 12mm focal length) approximately 0.6m
need for dexterity enhancement, but the unstructur ay from the robot. A tool is attached to the end-
nature of the tasks dictates that a human be direcgﬁector of the robot. where the 6 DOF force/torque

n the loop. _For e_xample, retinal vein cannglatnolﬁ] sensor is located. The user applies force directly to the
involves the insertion of a needle of approximately 2Q60| handle

50 microns in diameter into the lumen of a retinal vein
(typically 100 microns in diameter or less, approximately
the diameter of a human hair, see Figije At these B. Robotic Minimally Invasive Surgery

scales, tactile feedback is practically non-existent, andFigure5 shows a typical scene from a laparoscopic
depth perception is limited to what can be seen throug[]rgery (in this case, a right adrenalectomy on a porcine
a stereo surgical microscope. A typical surgical Setti%bject). The instruments in this image consist of one
is shown in Figure?. laparoscope, two devices that perform retraction and/or
Our work on micro-surgical assistance is motivated bgutting or blunt dissection, and one that suctions out
the JHU Steady-Hand Robot, and, in particular, the asltood and other matter. These instruments, which are
sistance paradigm of direct manipulation it was designeften a foot or more in length, are introduced through
for [27, 20, 28]. Briefly, the JHU Steady-Hand robot ismultiple incisions and held by two surgeons. Normally,
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Fig. 4

Fig. 6
The Intuitive Surgical da Vinci system. From left to rightetmaster console, one of the arm masters, the bed-sideandita close up of
one of the surgical tools.

the instruments are introduced through trocars that sealFigure 6, consists of a bedside surgical robot and a
the opening and permit the abdomen to be insufflatednaster console. The bedside robot manipulates a stereo

From this, it is easy to see the difficulties facingndoscope and t\_/vo or three_ surgical instruments. The
the minimally invasive surgeon. First, he or she iaster console displays the images to the surgeon and
manipulating small structures (often 1 cm or less) atR{ovides two master arms for manipulating the remote
relatively large distance. The view is a single monoculf#CIS- An innovative wrist design for the tools, together
video sequence looking roughly along the same line ¥&h an immersive visualization of the surgical site,
the tools, although with a somewhat arbitrary orientatio’@keés manipulation with the da Vinci “intuitive” by
The workspace itself is confined, but most of it is ndtMing minimally invasive surgery back into a more fa-
even within view. Finally, the tactile feedback from th&niliar three-dimensional hand-eye coordination problem.
instruments is minimal, and is combined with force§I9Uré? shows the leftimage of a stereo pair taken from
applied by the body wall at the trocar. the da Vinci during a suturing operation.

Robotic surgery, now primarily represented by the da While the da Vinci makes surgery more “intuitive,”
Vinci™ system of Intuitive Surgical, Inc., is one meani is important to realize that, as with the eye surgery
of overcoming these limitations. The da Vinci, showsystem, the surgeon is still ultimately relying on their



the surgical site for both of the applications described
above.

Notation: In the remainder of this paper, transpose is
denoted by’, scalars are written lowercase in normal
face, vectors are lowercase and boldface, and matrices
are normal face uppercase.

A. Virtual Fixtures

In a recent series of paper$q 19, 20, 21, 22], our
group in the Engineering Research Center for Com-
puter Integrated Surgical Systems (CISST ERC) has
been steadily developing systems and related validation
methods for cooperative execution of surgical tasks.
The basis of these systems is a specific type of virtual
adrenal gland from the vena cava. Note both instruments haveﬁxture, which we term “guidance” virtual fixtures. Other
straight shafts with no distal dexterity and the camera \iew virtual fixture implementations, often called “forbidden
highly oblique. The third instrument in view is a suction oev region virtual fixtures,” are described ii{, 24 25, 26].
Guidance virtual fixtures create anisotropic stiffness tha
promote motion in certain “preferred” directions, while
maintaining high stiffness (and thus accuracy) in orthog-
onal directions.

1) Virtual Fixtures as a Control LawlIn what follows,
we model the robot as a purely kinematic Cartesian
device with tool tip positionx € SE(3) and a control
input that is endpoint velocity € 08, all expressed in
the robot base frame. The robot is guided by applying
forces and torque$ € 0% on the manipulator handle,
likewise expressed in robot base coordinates.

In the Steady-Hand paradigm, the relationship be-
tween velocity and motion is derived by considering
Fig. 7 a “virtual contact” between the robot tool tip and the

The da Vinci system during a suturing operation. In compar®  environment. In most cases, this contact is modeled by
conventional MIS, note the remote wrist dexterity and theeno g |inear viscous friction law

natural camera view.

Fig. 5
Conventional minimally invasive surgery during the remasfthe

kv =f @
or equivalently
intrinsic hand-eye coordination, mediated by cameras v }f @)
and mechanisms, to perform the task at hand. k
wherek > 0 controls the stiffness of the contact. In what
IV. VIDEO-GUIDED SURGICAL ASSISTANCE follows, it will be more convenient to talk in terms of

In this section, we first introduce the basic admittan@n admittance gain= 1/k.
control model used to provide interactive guidance to When using(2), the effect is that the manipulator
the surgeon. We then extend this control to anisotrop& equally compliant in all directions. Suppose we now
compliances, and finally we relate virtual fixtures to areplace the single constaotwith a diagonal matrixC.
underlying task geometry. We note that, although defindtbking use ofC in (2) gives us the freedom to change
for an admittance style robot, in practice the santhe admittance of the manipulator in the coordinate
techniques can be applied to impedance style systedi®ctions. For example, setting all but the first two
(such as the da Vinci master console) based on ttliegonal entries to zero would create a system that
methods of 17]. permitted motion only in the-y plane. It is this type of

With virtual fixtures in place, we then describe thanisotropic gain matrix that we term a virtual fixture. In
video processing used to recover the local geometry tbe case above, the fixture is “hard,” meaning it permits



motion in a subspace of the workspace. If we instead $efollows directly from property 4 thaf,-f; =0 and
the first two entries to a large value, and the remainifigpm property 5 thafp +f; = f. Combining {) and @),
entries to a small one, the fixture becomes “soft.” Nowe can now write

motion in all directions is allowed, but some directions

are easier to move in than others. We refer to the motions v=cf=c(fo+1) (8)

remaining directions ason-preferreddirections.  that attenuates the non-preferred component of the force
2) Virtual Fixtures as Geometric ConstraintsVhile jnpyt. With this we arrive at

it is clearly possible to continue to extend the notion of

virtual fixture purely in terms of admittances, we instead v = c(fo+cfy)

prefer to take a more geometric approach, as suggested = ¢([D] +c(D))f 9)

in [29, 30]. We will develop this geometry by specifically _ o

identifying the preferred and non-preferred directions of Thus, the final control law is in the general form of an
motion at a given time poirit To this end, let us assumedmittance control with a time-varying gain matrix de-
that we are given a 6 n time-varying matrixD = D(t), term_lned byD(t). By choosingc, we contrql the overall

0 < n < 6. Intuitively, D represents the instantaneou@dmittance of the system. Choosioglow imposes the
preferred directions of motion. For example,rifis 1, additional constraint that the robot is stiffer in the non-
the preferred direction is along a curve in SE(3)nifs preferred directions of motion. As noted above, we refer

2 the preferred directions span a surface; and so fortf0 the case ot = 0 as ahard virtual fixturg since it

and the kernel of the column space, as preferred direction. All other cases will be referred to
as soft virtual fixtures.In the casec; = 1, we have an
SpariD) = [D]=D(D'D) ‘D’ (3) isotropic gain matrix as before.
Ker(D) = (D)=1-[D] 4) It is also possible to choosg > 1 and create a virtual

: . fixture where it is easier to move in non-preferred direc-
This formulation assumes th& has full column rank. .. .
. : : tions than preferred. In this case, the natural approach
It will occasionally be useful to deal with cases where .
. - Would be to switch the role of the preferred and non-
the rank ofD is lower than the number of columns (in N
) . preferred directions.
particular, the case wheb = 0). For this reason, we

: : . 3) Virtual Fixtures as Closed Loop Control Laws:
will assume[-] has been implemented using the pseudp- . . : : :
! . ote that, to this point, the notion of virtual fixtures
inverse B1, pp. 142-144] and write

supports motion in a local tangent space of an underlying
SpafD) = [D]=D(D'D)*D’ (5) surface or manifold. Now, we consider how to ensure that
Ker(D) = (D)=1-[D] (6) the tool tip moves on apecificmanifold or surface. To

_ _ study this problem, let us take a simple, yet illustrative
The following properties hold for these operat®s][ case: the case of maintaining the tool tip within a plane

1) symmetry:[D] = [D]’ through the origin. The surface is definedR(®) =n-

2) idempotence[D] = [D]|D] p =0 wheren is a unit vector expressed in robot base

3) scale invariancelD] = [kD] coordinates. For simplicity, consider the problem when

4) orthogonality:(D)'[D] =0 controlling just the spatial position of the endpoint.

5) completeness: ragi(D) +-B[D]) =n whereD is  Based on our previous observations, if the goal was to
nxmanda,f3#0 allow motionparallel to this plane, then, noting thatis

6) equivalence of projectiorjiD) f]f = (D) f a non-preferred direction in this case, we would define

The above statements remain true if we exchafige D = (n) and apply 9). However, if the tool tip is not
and [D]. Finally, it is useful to note the following in the plane, then it is necessary to adjust the preferred

equivalences: direction to move the tool tip toward it. Noting thBtx)
. [[D]] = [D] is the (signed) distance affrom the plane, we define a
. ((D))=[D] new preferred direction as follows:
« [(D)]=([D]) =(D
o= O = 0) Do(x) = (L ko) M/ [f] + ki, O<ks<1 (10)

Returning to our original problem, consider now de-
composing the input force vectdtr,into two components The geometry of 10) is as follows. The idea is to
first compute the projection of the applied force onto
fo=[D]f and f,=f—fp=(D)f (7) the nominal set of preferred directions, in this case



At the same time, the location of the tool tip is projectednd toward the target position. The gain switch described
onto the plane normal vector, producing a setpoint errabove ensures that motion toward the target is preferred
vector. The convex combination of the two vectors yields the motion away.

a resultant vector that will return the tool tip to the plane. If we now generalize this idea, we can state the

Choosing the constaik governs how quickly the tool following informal rule.

is moved toward the plane. One minor issue here is thatGeneral Virtual Fixture Rule: Given:

the division by ||f[| is undefined when no user force is 1) A surfaceSC SE(3) (the motion objective)

present. Anticipating the use of projection operators, we2) A signed error vecton = f(x,9)

make use of a scaled version af)f that does not suffer  3) A rule for computing preferred directiofis= D(t)

this problem: relative toS where (D)u=0 iff u=0

De(x) = (L—kg)(n)f + ky|f[|[N]x, O<kg<1. (11) thenapplying the following choice of preferred direction:

We now apply ) with D = De.
Noting that the second term could also be written ~ Dg(X) = (1 —ka)[DIf + ke[[f[[(D)u 0 <ky <1. (13)

[[f[lkaP(X)N, yields a virtual fixture that prefers motion towagdand
seeks to maintain user motion within that surface.

it is easy to see that, when the tool tip lies in the plane, Note that a sufficient condition for condition 3 above
the second term vanishes. In this case, it is not hardgfppe true is that, for all pairs = u(t) and D = D(t),
show, using the properties of the projection operatorg)y — 0. This follows directly from the properties of
that combining {1) with (9) results in a law equivalent projection operators given previously.
to a pure subspace motion constraint. To provide a concrete example, consider again the

With this example in place, it is not hard to see it§roblem of moving the tool tip to a plane through the
generalization to a broader set of control laws. We firg}igin, but let us now add the constraint that the taol
note that another way of expressing this example wougtis should be oriented along the plane normal vector. In

be to posit a control law of the form: this casen is a preferred direction of motion (it encodes
rotations about the axis which we don't care about).
u=—(n-x)n=—[njx (12) Let z denote the vector pointing along the taplaxis

and to note that assignin®. = u would drive the and define a control law that is

manipulator into the plane. This is, of course, exactly g | ~(x-mn (14)
what appears in the second term bfi), This introduces zxn

another implementation of virtual fixture control law; ;o easy to see that this law moves the robot into the

where the motion is now restricted toward a target POSflane, and also simultaneously orients the end-effextor
One potential disadvantage of the law described s tg pe along the normal to the plane. Now, let
(11) is that when user applied force is zero, there is no '

virtual fixture as there is no defined preferred direction. D=D(t) = [ (n) 0 }
Thus, there is a discontinuity at the origin. However, 0 n

in practice the resolution of any force sensing deviGeto|ioys that [D] is a basis for translation vectors that
is usually well below the numerical resolution of e, the plane, together with rotations about the normal
underlying computational hardware, so the user Wil yhe plane. ThereforéD]u = 0 since (4) produces
never experience this discontinuity. Another special caggngjations normal to the plane, and rotations about axes

is introduced when the force input is very near thga e in the plane. Thus, the general virtual fixture rule
null-space of the preferred directions, i@)f~0.In ., pe applied.

this case,D¢(x), will be defined in the non-preferred

direction. As a result, the user can drive the tool awa _

from the preferred subspace. This is easily avoided By Surface Recovery and Tracking

checking the direction of the force input relative to In order to implement virtual fixtures using video data,
the signed distancai. If the force vector points in it is necessary to compute the position of the surgical
the opposite direction, the motion is treated as noimstruments and the organ surface. To that end, we have
preferred and attenuated by A particular case of this is developed a set of techniques for tracking deforming sur-
“targeting mode” where the preferred direction is definddces from stereo video streams. In this development, we
asu. The control law in {1) will allow motion both away assume a calibrated stereo system. Thus, incoming pairs



of images can be rectified to form an equivalent non-
verged stereo pair. Ldt(u,v,t) andR(u,v,t) denote the o

T — 1/2)2
left and right rectified image pair at time t, respectively. £4P) H(E(t) ﬁ(p+Ap,t))W | 1/2)12
The disparity map? is a mapping from image ~ [I(L(t) —R(p,t) — I(p,t) Ap)W~<||
coordinates to a scalar offset such tHau,v,t) and = [I(E(p,t) = I(p,t) Ap)WH?||? (16)

t) —
R(L_H— @(u,v),v,t) are the proj_ectio.n_ of the same phySiC%hereE(p,t) =T(t)—R(p,t), I(p,t) = 9R/dp is theN x
point in 3D space. Given disparities, computing the 3; j5cobjan matrix oR considered as a function qf,

D surface geometry at a point is well-know82. In  5nqw — diag(wi,Wa, ...wy). Furthermore, if we define
this development, we assume that the disparity maing(p) — 8D/dp, we have

a parametric function with parametgusand thus write
_Q)(p;u,v). Thus, the problem qf co_mputmg disparities J(p,t) = diagLx(t))In(p) (17)
is reduced to a parameter estimation problem. For our _ L _
purposes, it suffices to assume that this disparity map{§€reLx(t) is the vector of spatial derivatives af(t)
defined on a given regiof of pixel locations in the left t@ken along the rows: _ ,
image, whereA is an enumeration of image locations, 't immediately follows that the optimalip is the
A={(u,vi)}, 1<i<N. solution to the (over-determined) linear system

In traditional region-based stereo, correspondences are
computed by a search process that locates the maximum [J(p,t)'WI(p,t)] Ap = J(p,t)'WE(p,t)  (18)

of a similarity measure defined on image regions. ASIn the case that the disparity function is linear in

we intend to perform a continuous optimization over . ) .

. . . L arameters]y is a constant matrix andlvaries only due

p, we are interested in analytical similarity measure?. . e . .

Candidate functions include sum of squared difference(z)s“me variation of the gradients on the image surface.

SSD). zero-mean SSD (ZSSD andqnormal' od cross At this point, the complete surface tracking algorithm

( ), .Z - ( ), 12 tan now be written as follows:

correfation (NCC) to name a few. 1) Acquire a pair of stereo images and rectify them
We choose our objective to be ZSSD. In practice, zero- d P g \

. . 2) Convolve both images with an averaging filter and
mean comparison measures greatly outperform their non-
subtract the result.

Zero-mean counterpart8 as they prowd'e a measure 3) Compute spatiat derivatives in the zero-mean left
of invariance over local brightness variations. If the image

average is computed using Gaussian weighting, then4) Warp '.[he right image by a nominal disparity map
this difference can be viewed as an approximation to (e.g. that computed in the previous step) and
convolving with the Laplacian of a Gaussian. Indeed, su.bt'ract from the zero mean left image

such a convolution is often employed with the same goal '

. : L . 5) Solve (8).
of achieving local illumination invariance. The final two steps may be iterated if desired to
Let L(uvt) = L(uwvt) — (L * M)(u,v,t) and P y

R(Uv,1) = RUvt) — (R M)(U,v,t) where « denotes achieve higher precision. The entlrg procedure may also
. : ) . be repeated at multiple scales to improve convergence,
convolution and M is an appropriate averaging. . . )
: . . . ~if desired. In practice we have not found this to be
filter kernel in the spatial-temporal domain. Define
. . necessary.
d = D(p;u,vi). We can then write our chosen . .
LT o A general example of a linear in parameters model
optimization criterion as , : : . .
is a B-spline. Consider a set of scanline locationand
row locationsP, such that(a, ) € A. With m parameters
per scanline aneh parameters for row locations, gth
by gth degree tensor B-spline is a disparity function of
where w; is an optional weighting factor for locationthe form
(Ui,Vi)/.
For compactness of notation, considerto be fixed
and write L(t) to denote theN x 1 column vec-
tor (L(ug,vi,t),L(Up, Vo,t),...L(un, W, t))'. Likewise, we
defineR(p,t) = (R(up +dg,va,t),...R(uy +dy, W, t)) 2Here, we should in fact use the spatial derivatives of thatrig

We now adopt the same method as34,[35, 36] and image after warping or a linear combination of left and rightge
e derivatives. However in practice using just left image dtives

expandR(p,t) in a Taylor series about a nominal valugorks well and avoids the need to recompute image deritife
of p. In this case, we have iterative warping is used.

Op)= > wi (C(ui, Vi, t) — R(Ui +di,vi,1))2  (15)
(ui,vi)eA

m n

D(p;o,B) = > Nip(@) Nig(B) pij  (19)

i=0)=0



To place this in the framework above, ketdenote an
indexing linear enumeration of then evaluated basis
functions, and defineB; x = N p(0i) * N q(Bi) for all
(ai,Bi) € A. It immediately follows that we can create
the N x mn matrix B

B1,1,B12....Bimn
B21,B22....B2mn

Bn,1,Bn,2----Bnmn

and write

D(p) = Bp (20)

It follows that the formulation above applies directly
with Jp = B. By applying the tracking algorithm to a B- Fig. 8
spline disparity surface, we are able to tracking a smoothijtially the warped input image is color segmented. Them tibol
deformable surface in real-time. Furthermore this surfacgenter is computed by summing along the y direction. Nex, th
is easily queried for the geometrical information neces- tool orientation is obtained by interpolating the respoasé

sary to perform vision-based control. different angles. The tool tip is finally computed by summaigng
x perpendicular to the tool orientation. The motion pararsetre

updated by matching with the reference image to obtain the
updated warped image.

C. Tool Tracking

In addition to tracking the tissue surface, it is neces-
sary to know the position of the surgical tool relative
to those surfaces. Although it is in principle possible
to compute such relationships using robot kinematic
information, we have found that internal kinematics aif@e pixels associated with the tool are used to update the
not generally accurate enough for our purposes. Thiscglor mean adaptively based on the following update rule
particularly true when the surgical tools apply force at

the insertion point, or to the tissue surfaces. Here we Berr = Opk_1+ (1— o)k (21)
describe the two different tracking methods used for eye
surgery and thoracic surgery. where a is a design parameter angl); is the color

1) Eye Surgery:In eye surgery, the tool is a verymean at time step. In the current implementation, the
simple mono-colored cylinder. Thus, the tracking algsovariance matrix is not updated. To decide which pixels
rithm fundamentally involves segmenting the tool anbelong to the tool, we maintain distributions for both
then computing the configuration of the tool from théreground and background pixels. A pixel is deemed
segmented image as outlined below and as showntinbelong to the tool if the log likelihood value for the
Figure 8. We note this is a straightforward variation oriool density is higher than that of the background. Only
the XVision line tracking algorithm3g). pixels passing the likelihood test are used for updating

We maintain the color statistics of the tool in ordethe mean color value of the tool.
to segment it from the background. The color statistics Given prior segmentation, the localization step in-
of the tool are assumed to follow a Gaussian densiglves finding the location of the tool tip and the orienta-
model. Initially, the tool is selected from the first framéion of the tool shaft in both camera images. It is assumed
and the color mean and covariance of both the tool atitht the tool undergoes primarily image-plane rotation
the background is generated. We use the Mahalanoaisl translation. Thus the tool motion can be represented
distance ) to segment the tool from the image. Aby three parameters, namely image-plane rotation angle
particular pixel is considered part of the tool if the colo and the two components of the translation veator
value at that pixel has < 3. At every time step, using the parameters at the last time

In order to track the tool robustly over long periods oftep, a warped image of fixed size is obtained from the
time, it is necessary to update the color statistics of tirgput image. The warped image is then color segmented
tool. As the tool is being tracked in subsequent framess described above and the tool is localized in the warped
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image with the following three sub-steps:
« The x location of tool center is computed by con- *
. Image-Based
volving the warped and segmented image with a bo [::P Tool Trastns Tool Position
filter at least as wide as the tool width along the x- [j:}
direction. The resultant image is then summed along — _
the y-direction to obtain a 1D signal, the maximum - L :(':t:"
of which gives the x location of the tool center.
« The tool orientation is obtained from the algorithm = o
similar to the one used in3f] to compute the J ".f‘g{u Postan
edge orientation. The filter response is summed e —
along shallow diagonals, which approximates small Fig. 9
changes in tool orientation and then interpolatingrhe kinematics data from the robot and the visual trackepidut
the resulting responses to obtain the maximumom the stereo endoscope are fused to obtain reliablenigtion
response. The result of the interpolation yields the about the current position of the tool.
orientation of the tool in the warped image.

« Once the tool orientation and center of the tool in
the x direction is known, the tool tip is located by
summing the segmented image perpendicular to thbis information is fused using a Kalman filter as shown
computed tool orientation. This results in an obvioug Figure9.
step edge in the resulting 1D signal; the location of We have chosen to track the tool directly in the image
this step is the end of the tool. space of the single images using the stereo constraints

In the initial step a reference template and reference hgtween the two views to improve the tracker robustness.
location are stored. At every time step, a few iterations of
the tool localization are performed. After every iteration
the parameters are updated by matching the warped
image and tip location with the reference values. The tip |
location and orientation are computed independently in g
the left and right rectified images and if the difference|
. . . . . Orientation—dependent
in y location of the tip in both images is less than a| | tmpiae selection
certain threshold, the tip is reconstructed to obtain thg
3D location. Likewise, the tool orientation is used to
obtain a vector describing the tool axis.

The combined information of the tool and the back-
ground surface constitute a complete model of the sul
gical field for this application.

2) Da Vinci Tool Tracking:The da Vinci robot pro-
vides a much more challenging tracking problem due tc
the articulated end-effectors and more dynamic motions. Fig. 10
At the same time, the size and kinematic complexity Data flow in the da Vinci tool tracking system.
of the robot means that the tool position information
supplied by the internal encoders is relatively inaccurate
Further kinematic errors occur when the tool is applying At the image level, the tool tracker uses a standard
force to a surface. Indeed, one of the reasons for trackiS§D (Sum-of-Square-Distances) approa@j gxtended
the tools is to provide a accurate image positions ftw use multiple templates( Figuié). A candidate region
graphical displays which are to follow the tools; suchn the current image is selected and warped based on the
displays are not possible using pure kinematic informaurrent pose estimate provided by the Kalman filter, and
tion. then the current pose is updated by template matching.

Our visual tracking system operates directly in thi a sufficient percentage of the pixedg are matched in
(stereo) endoscopic camera view used by the surgetire current view then the tracker estimate is incorporated
In addition, we make use of the internal APl whiclin the Kalman update step, otherwise just the Kalman
provides estimated position and velocity of the robgirediction is used at the next time step. The vadye
end-effector based on the internal encoder informatias. dependent on the shape and texture of the tool. The

1%

Outlier

I

Inverse
Model

Z Predicted Tool Position




value is estimated for each tool in a test phase that i
necessary just once for a new tool design.

The multiple templates model the fact that the tool
has different appearances from different views. Eac
template is keyed to a specific range of tool orientation
in the two out of plane rotations (all other appearance
changes are be compensated for by image warping). W4
switch between the different templates depending on th
current orientation of the tool predicted by the Kalman
Filter module. It is a_Is_o possible to upfjate the template Tool Tracking — XVision
over time, thus providing for changes in tool appearanc =
due to stains and tissue deposits on the tool. Fio. 11

The Outlier Rejectionmodule depicted in Figur&0 _ g . )

. . . . . . Template-based tracking result of the daVinci tool: theesidmage
is responsible to dealing with occlusions, minor deposits o -

. . .. . __and the selected template underneath; additional infoomabout
and stains on the tool and illumination problems. Since _ . .

. . . forces and passive and active arms can be displayed.
the light source is a part of the endoscopic system, we
have to deal with significant specularity on the metallic
body of the tool which cannot and should not be matche
to the template.

V. EXPERIMENTAL RESULTS

The methods described above have been implements
and are a part of our continuing development and testin
efforts. Below, we illustrate the results we have achieve
to date.

A. Minimally Invasive Surgery Results

At the moment, we do not have access to the di
Vinci control system to implement a complete closed—
loop system with virtual fixtures. However, we have
implemented and validated both the tool tracking an‘ahe tracking result is used for fine registration of the toosifion
surface reconstruction. to the camera image. Combination of tracking informatiothwi

In the case of tool tracking, we have developed 5inematics data allows powerful display possibilitiestthamplify
graphical overlay system that shows the location and the tool navigation.
orientation of the tools in the master console of the
surgical robot system. Forces measured in the tool shaft
can be visualized in the master console to the surgeon
as shown in Figurd 1l the image. Figuré.3 shows the results from a trajectory

Additional detailed information about the tool statu# an scenario depicted in the left image. The system
and orientation can be displayed that is not available ®witched the reference templates during the operation
immediately apparent from the image data itself due & the points marked with circles along the brighter
occlusions or small scale as shown in Figafe The trajectory. The solid line depicts the position of the cente
tracking helps to register the tool position correctly iff the chosen template in the image. The dashed line
the image plane, while the information from the robd€presents regions during the motion, where the tracking
kinematics provides details about the tool state, whi¢Bported an insufficient matching quality between the
may be not visible in the actual image. template data and the actual image data and the corrected

The tool tracking operates in real-time (30 frames/§jnematics data was reported to the user instead.
localizing the reference template in the current cameraThe sequence consisted of a fast motion to test the
view. The motion trajectory reported by the robot oftenapabilities of the tracking system. The motion was 2-3
has a significant rotational and translational error thtines faster than the typical tool motion during surgical
does not allow a correct overlay of the annotation datafmocedures. The reader can see that the system could rely




two animal models. In the first, we used an anes-
thetized Wistar rat. Images of the rat's chest's movement
were acquired by a stereo microscope (Zeiss OPMI1-H)
mounted with two CCD cameras (SONY XC77). The
rat's fur provided a natural texture. An eight second
sequence was processed offline by our Matlab imple-
mentation. In Figurel5 we graph the respiration (75
breaths per minute) of the rat which was computed by
recording a fixed point on the tracked surface.

Fig. 13
The re-projection of the tool position based on the kinecsatiata
may have a significant rotational and translational erdeft)(tool
position reported by the robot is shown as a small ellipsght(y
comparison of the tool trajectory reported by the robot @rpp 42
trajectory) to the trajectory reported by tracking (loweajectory). 41
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Fig. 15
Recovered disparity values from rat respiration.

In a second experiment, a cross-bred domestic
pig (weight, 19.5 kg) was anesthetized with telazol-
ketamine-xylazine (TKX, 4.4 mg T/kg, 2.2 mg K/kg,

_ and 2.2 mg X/kg) and mechanically ventilated with a
One image from the stereo sequence used to track the suifface OmiXture of isoflurane (2%) and oxygen. Heart rate was
porcine heart, continuously monitored by a pulse oximeter (SurgiVet,

Waukesha, WI). The da Vinci tele-manipulation system

(Intuitive Surgical, Sunnyville, CA) was used for endo-

. : L scopic visualization. Three small incisions were made
on the visual tracking most of the time in this sequence, . : .
: . : . ~on the chest to facilitate the insertion of a zero-degree
The tracking only reported incorrect data in two regions . . .
. . endoscope and other surgical tools. The pericardium was
where the specularity on the tool did not leave an

sufficient region on the tool to be matched correctly. fll:ened and video sequences of the beating heart from the

this case, the system switched to the corrected kinema 2ft and right cameras were recorded at 30 frames/sec.

S . . .
data that became available after the initial registration e recording lasted approximately two minutes.
error got corrected.

The system captured both the beating of the heart and
This shows the importance of the fusion of the differ-

the respiration of the subject (Figufg). The results
ent sources of information. The robot provides reliabfglre consistent with the other measurements we took
. ) p guring the surgery. In Figurd6, the blue line is a
data that may have an initial registration error and an . : .
. ot of the motion of a fixed point on the surface. The
error due to forces applied on the tool. These errors cgn

i ) ) respiration (red-dotted line) is computed using Savitzy-
be corrected by the visual tracking. The important faéolay Filtering. For a more detailed discussion of the

here is that the tracker can recognize correctly when 1t "~
. experiment please se8q].

gets the wrong result. In our case, the measure for it is

the number of correctly matched pixels to the number

of pixels in the template, which needs to be above tffe Eye Testbed Results

thresholde, as we discussed in sectiow-C.2. We have validated the preliminary eye testbed on two

We have tested the deformable surface tracking types of surfaces: a slanted plane and a curved surface.

Fig. 14



2 ‘ ‘ ‘ ‘ o Robot-to-camera and stereo calibration is an essential
step in the experimental setup. As currently imple-

mented, the resolution and accuracy of the calibration
determine the efficacy of the virtual fixtures implemen-

tation. The 3D coordinates of the surface and the tool
pose are computed in the camera coordinate frame by
the visual system. The preferred directions and errors
are hence first calculated in the camera frame and then
converted to the robot frame where the rest of the virtual
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&
=
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- fixture control law is implemented to obtain the desired
A oy e Cartesian tip velocity.
Fig. 16 In the preliminary setup, the robot fixed-frame is

computed in the Optotrak frame of reference by first
rotating the robot about the fixed RCM points in both
X and Y axes and then translating it along the three

Graph of pig respiration and heart beat.

T e coordinate axes with a rigid body placed at the last
E Pl . 1 stage of the joint. In order to obtain the robot-to-camera
ga0r ) transformation, we need the transformation between the

-355

Optotrak and the camera is which computed using the
Optotrak LED markers rigidly attached to a planar rigid

body. Once calibrated, the centers of the LED markers
are estimated in the left and right rectified images and

then triangulated to compute the 3D positions in the cam-
era coordinate frame. These points are also observed in
the Optotrak coordinate system. Finally, using standard
least square fitting techniques the rigid body transforma-

Y Position [mm]

160

150

140

Z Position [mm]

130

W m w0 e 4 : tion between the Optotrak and the camera is obtained.
Sumple Period All transformations are computed with reference to an
Fig. 17 independent fixed rigid body to avoid any noise from

XYZ positions of the tool tip estimated by the tool trackeolig ~ the motion of the Optotrak. As stated earlier, once these
line) and estimated by the Optotrak (dash line). Calibragoror ~ transformations are known, the transformation between
introduced a constant offset of 5 mm in the transformation as the robot and the camera can be computed easily.
shown in the Y position plot. With the least squares technique used to compute
rigid body transformations, the average error for the
transformation was approximately-2.5mm. We believe
that the significant error is due to difficulty of segmenting
the center of LED markers in the images. In the more
The latter is a simulated human retina consisting ofracent testbed, the Optotrak has been eliminated in favor
concave surface of approximately 15 cm in diametef a direct robot/video calibration method. Although
covered with an enlarged gray-scale printout of a humafarly more accurate, we do not yet have quantitative
retina. results on this calibration approach.

During the manipulation, the user has a direct view The accuracy of the tool tracker is validated with the
of the surface. The user is allowed to change the st@ptotrak. Using the transformation between the Optotrak
of manipulation (Free motion, Tool insertion/extractiorand the camera already computed, the tracking error
Tool alignment, Targeting, and Surface following) from aan be computed in a straightforward manner. Fidiite
GUI. Each state corresponds to a different vision-basskdows the comparison of the XYZ positions obtained
virtual fixture. To test the effectiveness of the virtuaby the Optotrak and the tracker. Optotrak data was
fixtures, only a hard constraint(= 0) is implemented. converted to the camera frame by the corresponding
The threshold for the surface tracking task was a constamginsformation described earlier. Note here that there
3mm offset from the surface. We note this corresponds a constant offset of approximately 5mm in the Y
roughly to one pixel of disparity resolution in the stereooordinates. We believe that this constant offset is due to
cameras. an error in the Camera-Optotrack calibration because of
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Textured surface reconstruction overlayed with the tredata
(black dots) obtained from the Optotrak. (Left) Slantednpland
(Right) Portion of the eye phantom T e e
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the difficulty of segmenting LED centers as mentioned
earlier. The tool tracking has about 1 pixel error when
the offset is accounted for. The surface reconstruction N
accuracy can be similarly estimated by reconstructing
the surface in the Optotrak using a pointed rigid body
calibrated at the tip. Figur&8 shows the overlay of the

data points obtained from the Optotrak (black dots) on
the reconstructed surfaces(with texture). The error in the
plane reconstruction (left) is quite low. In the case of
the concave surface (right) though, the reconstruction

from the camera shows some errors especially toward §h of the error vector (forward and backward motion
boundary where the neighborhood information is sparggward the desired orientation/target). Therefore, the us
The reconstruction covers an area of approximatgly gllowed to move toward or away from the desired
6.5cm x 11cm and 6.5cm x 17cm for the plane and thigse, as the plots show, in different portions of the
concave surface, respectively. targeting task. However, gain tuning is used to minimize
Figure 19 shows the magnitude of the error over tim¢ghe motion in the direction away from the desired pose.
of manipulation during surface following, alignment, an&imilar results can be seen for the concave surface.
targeting tasks with hard virtual fixtures. Note here th&Ve also performed the surface following task in free
the small steps shown on the plot are the result ofotion. The performances with virtual fixtures guidance
update rate difference between the cameras and the robothe surface following and targeting tasks do not show
Sources of noise in the magnitude plot may be due significant improvement over free motion especially with
inaccuracy of the surface reconstruction, error in thbe level of noise and the resolution of the system.
estimation of tool tip position, error in calibration, andHowever, performance with virtual fixtures guidance
gain tuning of the virtual fixture control law. In surfacenaturally surpasses free motion in the alignment task.
following mode, we use 3mm as the desired offset aboveThe accuracy of the calibration and the limitation of
the actual surfaces. The average magnitude of ertbe system are important factors affecting the system
was approximately 3-2mm The dashed vertical andperformance. As noted previously, with the macro-scale
horizontal lines indicate the time when the tool reachextup, the resolution we can obtain is approximately 3
the surface and the average value (at 3mm), respectivetyn/pix. Tablel provides an estimate of the resolution of
The decay of the error as the tool approached a specifted current setup (Sony X700) along with an endoscope
orientation (Align mode) and target (Target mode) caand a microscope system. Based on our implementation
be clearly seen. In Align and Target modes, the virtual the current setup and some preliminary experiments,
fixture control law allows the movement along the direave believe that it is extensible to the high resolution

Norm Error [mi

Fig. 19
The magnitude of error between the tool tip position and its
intersection on a plane (left) and a concave surface (right)



systems to perform tasks at a 50 micro-scale. In orderEmally, we believe significant advances are possible
accomplish this we will need to operate at higher mag@py engineering today’s medical instruments to be more
nification and/or compute sub-pixel accuracy in trackingppropriate to robotically assisted surgery.

and reconstruction. Thus we would like to incorporate

fine motion tracking techniques like SSD and kernel- ACKNOWLEDGMENTS
based methods to obtain sub-pixel accuracy for tool The authors would like to acknowledge Intuitive Sur-
tracking. gical, Inc. and especially Rajesh Kumar and Giuseppe

One of the limitations of the system is the slow updaférisco from Intuitive Surgical for their support in this
rate of the cameras (10-15Hz) with respect to the rob@search. This material is based upon work supported
(100Hz). To deal with this, we would like to explore thdy the National Science Foundation under Grant Nos.
possibility of using estimation techniques like KalmahS-0099770 and EEC-9731478.

filtering and obtain much smoother tool positions.
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