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Abstract— Traditionally, visual servoing is separated into We present preliminary results on the implementation of this
tracking and control subsystems. This separation, though con- kernel-based visual servoing approach on a class of simple

venient, is not necessarily well justified. When tracking and \~tions that can be extended to more complex motions.
control strategies are designed independently, it is not clear

how to optimize them to achieve a certain task. In this work, Related Work

we propose a framework in which spatial sampling kernels

— borrowed from the tracking and registration literature — a) Visual Servoing: Visual servoing traditionally re-

are used to design feedback controllers for visual servoing. quires that a vision subsystem provide feature point corre-

The use of spatial sampling kernels provides natural hooks gnondences between current and desired views as the robot

for Lyapunov theory, thus unifying tracking and control and .

providing a framework for optimizing a particular servoing or targgt MOVES. These geometric measgrements are then

task. used directly for vision-based control. While nearly all of
As a first step, we develop kernel-based visual servos for a these methods rely on a vision front-end to provide geometric

subset of relative motions between camera and target scene. visual features, researchers have begun to tackle the sensing

The subset of motions we consider are 2D translation, scale, problem more directly. Rivlin and Rotstein [13] investigate

and roll of the target relative to the camera. Our approach . . .
provides formal guarantees on the convergence/stability of the tradeoffs between window size and resolution, analogous

visual servoing algorithms under putatively generic conditions. 0 adjusting _the kernel width, as we propose. Kragic et
al. [10], [11] directly address the issue of tracking for control.

. INTRODUCTION They use appearance-based and geometric models of a scene

Visual servoing (VS) entails moving either a camera of® match the current viev_v with an expected projection_that
the camera’s visual target such that the image of the targétcomputed from an estimate of the current pose. Using a
asymptotically converges to a desired image. Traditionallflétect, match and update scheme, their tracker feeds into a
visual servoing assumes that there is an image processi¥gfy classical 2D or 3D visual servo controller. Deguchi [3]
unit tracking the feature points in the image. This informatiof§Ncodes the entire target image using the Karhunewo
is used by the visual servoing controller to drive the featurXPansion. The coefficients in this expansion are related
trajectories to some desired constellation. This technique §@ the underlying object motion, leading to a form similar
sometimes convenient because the problem can be decougfzdn€ image-Jacobian for feature-based methods. Tahri and
into “feature tracking” and “control” sub-problems. _Chaumette [14] perform visual servoing via moments which

However, the classical division between vision and controlS "elated to the present paper as described below.
may be ill-equipped for the reality of a complex, unstructured ~ P) Kernel-Based Tracking Methods:Kernel-based
world. By decoupling vision and control, the vision desigri’acking methods have recently gained popularity primarily
problem includes little or no direct information related to thelue to their broad range of convergence and their robustness
underlying control task that it serves, rendering it difficult of® Unmodelled spatial deformations. In these methods a
impossible to make intelligent choices as to what to observ&emel K : R_2 — R is a real-valued piecewise continuous
or how to observe it. Conversely, control cannot adapt to fynction defined on the location space of the image. The
changing visual environment. Thus, neither the vision ndf€Mel acts as a sampling function that weighs the feature
controller design can be tuned (much less optimized) for thgPace of the image. These weighted values are usually
properties of its counterpart. Consequently, visual tracking!Mmed over all locations to create a measurement. Tracking
algorithms tend to be hand-tailored (often along with thd'en reduces to optimally shifting the location of the kernel,
environment) to provide adequate information needed for th€ objective function being a metric between the kernel-
specific control algorithm. based measurement at the current Ioca_t|on and a fixed refer-

In the present work, we propose a method to perforrANCe measurement [3], [8], [9]. Interestmgly, spatial kgrnels
visual servoing without separating the tracking and corfan be viewed as moment-generators, an interpretation that
trol tasks. We build on spatial kernel-based tracking algdh@y connect this paper to prior work [14]: since kernels
rithms [3], [6], [8], [9] to design feedback controllers and®'® usually polynomial functions of image location, kernel

use Lyapunov stability theory to show stability of the samgn€asurement can be thought of as a collection of moments
of feature space around the kernel center.
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projections. Their work was extended by Hager et al. [9]
to multiple kernels for tracking complex motions. The idea
of using motion specific kernels invariant to other motion
parameters was introduced. The idea of multiple kernels
was further extended to articulated motions in [8]. In all
these approaches, the kernel parameters are chosen in an
ad-hoc manner often leading to sub-optimal performance.
More recently, Dewan and Hager [6] introduced a scheme for
optimizing the kernel parameters to the target being tracked.
Our approach differs fundamentally from the aforemen-

tioned approaches in that we place tracking and control in
the same framework: spatial sampling kernels unify geometry
and sensing, which will enable us to develop an integrate(ﬂ,ive the kernel-projected measurementtto thus driving
strategy for tracking and control. We note that our work i 2(t), y(1)] — 0.

preliminary, and as such we have not directly compared it | _

ith oth K we | h _ for fut K Let the configuration of the robot be denoted py=
WIth GIherwork, we feave sUch comparisons Tor TLtUre wor fr,y]T € R2. Assume that the camera moves parallel to the

optical axis according to the simplified dynantics

Fig. 1. Experimental configuration.

Il. KERNEL-BASED VISUAL SERVOING (KBVS)

For the present exposition, we make a number of sim- q=u, @)

plifying assumptions. First, we consider the “eye-in-hand’\’,vhereu € R? is the robot control input. For the remainder

configuration in which the camera is mounted on the robcg.f the paper, we assume the signal only depends on time via
end effector, and the target is stationary. Further, we assum@a camera motion, which in this case implies (in an abuse
kinematic motion model for the robot, whose control inputg; notation) s(w, t) = s(w, q(t)).

are its joint velocities. Wf treat imagg pixel; as co_ntinu- For simplicity of presentation, we assume that the scene
Oui var;]ablej over all oRblmeasured fl.n.corjtlnuous time, is a unit distance away from the image plane, so that
in clscrete ime (in practice these assumptions are dleary™ 21 = fo(w — a(t). Through,a change of variables
violated; see experimental results, section IIl). In all th — w+q, and recaling thaf = I&, the kernel-projected

! ; . ' L easuremeng can be rewritten as
analysis below, the image or its transformations are treate

as signals that are directly measured. ¢ = / K (w)s0(w — q)dw = / K (@ + q)so(@)d. (3)
Given a signals(w, t) (such as the intensity of the image I 7

at each pixel as time progresses), the kernel-projected valuegr g, (3), observe that even when the images or the signal

of the signal at time may be defined as the scalar are discontinuous and hence not differentiable, the kernel-
projected measurement is analytically differentiable as long
£(t) = /ZK(w)S(w»t)dw» (1) as the kernel is smooth. As we show below, we exploit the

differentiability of £(¢) in the design of KBVS controllers.
wherew € 7 = R? is the image spatial indexing variable. Consider a Lyapunov function candidate= %(5_50)2_
As the camera moves relative to the target, the sigiialt),  Applying the chain rule, we have
changes, thus affecting the kernel-projected value. At the

goal, let the signal be, = s(-,0) and the kernel-projected vV =(¢ - 50)%(1
measurement at the goal be denotedpy= £(0). The aim 9q
of KBVS is to drive the robot/camera to goal configuration =(& — &) {/ K'(w + q)so(ﬁ;)dﬂ:}q
by driving £(t) — &o. I

Below, we develop KBVS controllers for a subset of :(5_50){/K/(w)80(w_q)dw}%
generic camera motions iBE(3). We first describe our T
overall method for a 2D translationt{y) parallel to the OK (w)

, B .
optical plane and then for translation along the optical axi%hereK (w) = =5,,~. Note that in the last step, we revert

(), and roll about the camera optical ax®.( e coordinates back tw. Now, choose the input;, as

A. 2D Translation u=—(—&) /IVK(UJ)S(U’, q)dw, 4
Consider a robot with a camera mounted on it as '%hereVK _ (%)T ¢ R2. This requires only the current
ignal projection¢, the signal projection at the godl,, the
kernel function derivativek’, and the current signad(w, t),

Figure 1. Image intensity at each pixel is taken as the sign
ignoring illumination changes. The pixel location is given
by w € R2. Let the kernel projection of the image at the

goal be§0 at the pOSi.tiOI’tL‘ =0 an_dy =0 (With(:)Ut loss of . 1We believe that lifting these control laws to second order mechanical
generality). Our goal is to determine a control input that wilkystems should be straight forward.



which depends on only throughg(t) (see above). With this  Let I, denote the image at the goal, afiglthe magnitude
choiceV becomes of its spatial FT. We assume that the goal corresponds to
2 unity depth (without any loss of generality). Let the inertial
/ VK (w)s(w, q)dw world reference frame be such that thexis is parallel to

z the camera’s optical axis. In this frame, the camera is moving
Assuming the candidate Lyapunov functior, is positive along thez-axis according to

definite in the configuration variable, thei is negative .
semi-definite. The assumption thét > 0 admittedly de- (t) =u, ®)
pends on the signal and kerm_al properties, although it appefth goal z, = 1. At any generic position of the camera, the
from our experiments (Section Ill) to be a locally validimager is a scaled version of, i.e.

generic assumption and, in any case, can be numerically
tested and optimized [6]. This choice of input guarantees I(w, z) = Ip(w/z).
stability (in the Lyapunov sense) of the controller with mild
assumptions on the image and kernel — KBVS is appeali
exactly for this reason.

For practical applications, it is crucial to obtain at least F(v,2) = 2°Fy(2v), v € R2

localasymptoticstability. If the kernel-image pair is such that ] )

in a neighborhood around the gogi}, VK (w)s(w, q)dw # We define the kernel-projected measurement as

0 (again, which appears to be true generically), local asymp- B o
totic stability is guaranteed. This quantity becoming zero is & = /IK(”)F(”7 z)dv = /IK(”/Z)FO(”)d”’ 6
analogous to image error lying in the null space of the Jaco- B

bian in tracking literature [1]. For good practical performancd/herev = zv. At the goal we have, = [, K'(v)Fo(v)dv.
of the controller, the Lyapunov function in the configurationOUr @im is to drive the robot to = 1 by drlvmglg(t) - 502'
space of the robot should be quadratic near the goal, tfePnsider a Lyapunov function candidate: = 3 (¢ — &o)
Hessian at the goal should have positive eigenvalues, affd choosing the input as

V=—((- &)

r]One can show that the magnitudes of the spatial FT of these
||§hages € and Fy respectively) are related by

condition number as close to one as possible. This provides ,

us with an objective function that likely can be optimized for u= (&%) /z K (v)vF(v, z)dv, ™
larger regions of attraction and better performance, whichwe . )

leave for future work. thenV = —1(6 — &)? || [z K'(v)vF (v, z)dvl|". If 2 >0,

Similar to the ideas presented in [6], an alternate way df is negative semi-definite, which is a realistic assumption
doing 2D translation is to decouple it into two 1D translationgor objects seen by the camera.
using two independent and y directional kernels. Each
kernel is invariant to the motion in the other direction,
thereby providing independent controllers. For example, a In this section we develop KBVS for rotation of the
kernel oriented in the direction can be formed by stacking camera relative to the target about its optical axis. Let the
a gaussian kernel along every pixel in thdirection. As dis- robot dynamics be _
cussed in [6], we also found that using the two independent 0 = u, ®)
kernels provides better results than using a single kernel . . : :
. . whereu is the control input. As in the case of scaling, we use
The experiments presented for the 2D translation case e maanitude of th tial ET of the i the sianal
Section Il use the two-kernel approach. gnitude ot the spatia ot the Image as the signal.
Let I, and Fy denote the image and signal at the goal, where
B. Translation along optical axis 6 = 0 (without any loss of generality). At any generic roll
Position of the camera, the imadeis a rotated version of

C. Rotation about the optical axis

Cideciyan [2] uses a spatial Fourier transform (FT) o
images for tracking and registration to decouple translatio

and scaling. We seek to capitalize on this invariance of th - | cos@ sind
magnitude of FT to translation to develop controllers forje(w’e) = Io(Rew), where Ry = [— sin 6 COSH} € 80(2).

depth and rotation that can integrated with the previousl

developed 2D controllers in the-y plane. As a first step,

we consider motions in depth only. 9
Here, we consider motions of a camera along its optical F(v,0) = Fo(Rgv), v €R". ©)

axis. Even though this corresponds to a translation as We define the kernel-projected measurement as

the previous two cases, there is a fundamental difference .

between the two: 2Dc-y translations simply translate the ¢ = / K(v)F(v,0)dv = / K(RJv)Fy(v)dv, (10)

image, while motions in depth inversely scale the image. 7 z

Thus, we seek an appropriately transformed signal amdherev = Ryv. At the goal, the kernel-projected measure-

control strategy. Specifically, we use the magnitude of thment is&, = [, K(v)Fy(v)dv. As before, our aim is to

FT of the image as the signal. drive the robot tod = 0 by driving £(t) — &. Consider a

the magnitudes of the spatial FT of these images are related
by



Lyapunov function candidatd? = %(5 —&)2. Choose the

control input as
u= (€~ %) [ K'0)JoF o). 1) ®
A
where J = R_z. With this choice ofu, V = —(¢ —
§0)2HfIK’('U)JvF(v,@)dUHZ, which is negative semi-

definite. Fig. 2. Example images of a 2D trial with contrived imageft Goal

. . image. Center Initial displacement imageRight Difference between the
D. Extensions t&E(2) + Depth Motions goal and the final images.

In the above controllers, we used the image as the signal
for the z-y translations and the magnitude of the FT of the
image as the signal for depth and roll. As discussed before,=
the FT of the image removes any translation effects whilg
controlling depth and roll. For 3D translational control, onej
can execute the depth controller first, since it is invariant to %
translation, and then run the 2By controller. Similarly, to sor
control all of SE(2) (identified withz, y, and roll), one can
control for roll first, since it is again invariant to translation, ~ ** “time{seconds)
and then control in the 2D plane. Furthermore, all fOUII’:ig 3. 2D Translation: Three trials showing control to the goal image
degrees of freedomz( y, z, and roll) can be controlled g5y iy Figure 2 as discussed in the texeft Convergence in kernel-
in a similar manner. We have yet to verify these couplegrojected valueRight Convergence im: andy translation.
controllers experimentally.
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1. EXPERIMENTAL RESULTS minimum (black dash-dot line) displacement, and median

In the design of the our above controllers, we madéblue solid line) displacement from the goal location out of
several simplifying assumptions which deserve attention fahe random set of runs.
use in practical applications on real images. The issue of )
discrete spatial sampling is addressed by pre-computing the 2D Translation
kernel and its partial derivatives, evaluating them at the pixel In the two-dimensional case, our contrived image required
locations, storing them as matrices, and then approximatirgg certain amount of structure to avoid the well known
the kernel projections with dot products between the kerneperture problem in motion estimation. However, we found
matrix and the signal. This pre-computation speeds up thbat natural images from our laboratory environment contain
control loop. Moreover, while the images are not of infinitehe needed information to avoid the aperture problem. Our
extent as assumed, we use kernels whose support is, fatural images consist of the second author sitting in a chair
all practical purposes, compact (e.g. a Gaussian with smatl the foreground with the background inherent to the lab
standard deviation). environment as shown in Figure 4. For all the experiments

In this section, we present the experimental results fave used two Gaussian kernels, onedfanotions and another
controlling an eye-in-hand configuration according to théor y motions.
control laws described in Section Il. Experiments were run The following parameters are tuned for the experiment:
using an American Robot Merlin 6200 series robot arm. Thithe sigma of the Gaussian kernels, the controller gains, and
robot arm provides six degrees of freedom via a waist, shouhle convergence threshold. The width of the Gaussian kernel
der, elbow, and spherical wrist configuration. Attached to thplays an important role in determining the size of the region
end of the arm is a Basler 602fc firewire camera, providingf convergence and the accuracy of convergence. With a
gray scale images with a resolution of 640x480 pixels. Theide kernel, the domain of attraction is large, but may not
robot is controlled via a dedicated workstation running Linuxonverge exactly to the goal. A narrow kernel results in a
with real-time extensions. In order to facilitate algorithmsmall domain of attraction, yet provides tight convergence
development and implementation, the software infrastructusghen starting near the goal. In all cases, the width of the
allows for direct control of the robot and capture of imagegernel, the lighting, and brightness play an important role
directly from the GNU Octave mathematical software [7]. in determining the value and dynamic range of the kernel-

Our experiments consisted of 10 tests for each of thgrojected valueg, thus driving the selection of the controller
prescribed scenarios. We ran experiments on both contrivgdin and the convergence threshold. Future work will entail
and natural images. In each set of trials, the robot was placdétermining how to reduce the number of parameters, as well
in an initial position and then moved a random amount awags adapting the kernels during control to provide both a large
from the goal along the degree(s) of freedom being testedomain of attraction and accurate convergence.
In Figures 3, 5, 7, and 9, three of the ten trials are shown. Figure 2 shows the images from a typical 2D transla-
They represent the maximum (red dashed line) displacemetign using our contrived image. The translation performed



Fig. 6. Example images of a typical depth trieéft Goal image Center
Initial displacement imageRight Difference between the goal and the final
Fig. 4. Example images of a 2D trial in a real environmdmft Goal images.

image. Center Initial displacement imageRight Difference between the

goal and the final images. 10?
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Fig. 7. Depth: Three trials showing control to the goal image shown in

Fig. 5. 2D Translation: Three trials showing control to the natural goalgure 6 as discussed in the texteft Convergence in kernel-projected
image shown in Figure 4 as discussed in the teeft Convergence in value.Right Convergence in depth DOF.
kernel-projected valueRight Convergence inc andy translation.

w = (w;,w;) is the pixel location in the image ardl =
between the goal image and the initial image in Figure 2tan2(w;,w;) is the angle of the pixel locatiom.
was 6 cm inz motion and 12 c¢m iry motion. This typical ~ Convergence in the degree of freedom and the kernel-
example shows that even though the majority of the circulgirojected value for depth and roll can be found in Figures
object in the image had been translated out of the image,and 9, respectively. These figures show the convergence
the algorithm still converges to the goal. The convergence if the kernel-projected values and in the actuated degree of
both the Cartesian distan¢e — x| and the kernel-projected freedom: Cartesian translation for depth and angle of rotation
value [ — &l is shown for the contrived and natural imageabout the optical axis for roll.
in Figures 3 and 5 respectively. In the future, we plan to explore other methods of reducing
B. Depth and Roll Motion th.e trun_cation due to the Gibbs phenomenon_ thrqugh vgrious
_ _ _ L _windowing methods [12]. Another alternative is to first

As the image signal is a finite window representation Ofransform the image to polar coordinates before computing

a continuous underlying signal from the real scene, its FFhe FFT. We suspect that this will recover the invariance,

will have truncation ringing effects popularly known as theyithout the need to pre-segment the image.
Gibbs phenomenon [12]. These truncation effects in the FFT

will always be present and renders the relation given in (. Convergence Error Results
invalid. Different windowing functions [12] can be used to
attenuate the Gibbs phenomenon at the cost of losing t
image signal. In order to avoid this issue for the presen
paper, we use a simple scene with a constant backgroun

To quantify the performance of the KBVS control, we
easured three differences between the initial conditions and
F? converged conditions. We first calculated the position
err

and threshold-based segmentation to make the backgro dOr of the_ robot arm along the pertlnent degree(s) of
: LT T . . eedom using the forward kinematics of the robot arm.
signal zero. This is similar to the binary projections use

. . . This provides an absolute measurement, in the world frame
by 3], [9] fo_r kernel-based tracking. Taking the FFT of th's.‘of the robot, of the convergence to the goal. Second, we
segmented image almost completely removes the truncation
effects.

For both of these experiments, we picked an almost con-
stant background so it could be easily segmented as shown
Figures 6 and 8. In order to remove new background pixels
we only use a cropped circular region in the image. For
depth, we used a Gaussian kernel and for roll we used § ’
rotationally asymmetric kernel,

K('w) = (Tmaz — (wf + wf)) 51112(9), Fig_. 8. ' Example images Qf a typical roll tridleft Goal image.Center'
Initial displacement imageRight Difference between the goal and the final
where r,,q, IS the maximum radius picked by the userjmages.
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visual signals. In addition, the approach allows combina-
tions of these basic motion controllers to be extended to
more complex tasks such aSE(2) and depth’. We believe
this provides an important first step towards a theoretical
framework for analyzing stability and convergence issues of
various vision-based control tasks.

As an exploratory paper, there was no attempt made to
titne (seconds) " ** 0o sedands) ™ characterize the performance of our algorithm with respect
to the image-kernel pair. The optimization of KBVS methods
Fig. 9. Roll: Three trials showing control to the natural goal image ShOWIfor a given Servoing task will be an obvious next Step thus
in Figure 8 as discussed in the tekeft- Convergence in kernel-projected llowi . . he b fit that KBVS ' id
value. Right Convergence in roll angle. allowing us to investigate the benefit that may provide

over existing visual servoing approaches for those specific
tasks. The optimization of KBVS would entail exploring

calculated a normalized difference of the kernel-projectel§SUes such as kernel parameter tuning, incorporating multi-
value, giving an error in convergence to the goal in termBl€ kernels/image projections [4], [9] and designing kernels

of the selected Lyapunov function. Third, we computed &€nsitive only to particular motions [6].
summed square difference between the goal image and the V. ACKNOWLEDGEMENTS
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