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Abstract
In visual control of motion the performance of the system is typically tied to the speed at which the visual
information can be processed. Visual processing is
unusual in that the data is not the information and
the quality of the information can often be improved
through extended processing. A sensor tracking an object will only provide sporadic observations due to the
processing delay, and, computational delay can pose
diculty within the control structure. We explore the
trade o between the computational delay, the control
stability, and the accuracy both of the visual processing and resulting visual-guided motion. The task of
visually tracking a target in order to localize it accurately enough to \touch" it provides a demonstration of
the trade o between motion accuracy and the motion
execution time for visual guided robot reaching tasks.

1 Motivation
When visual information is used to control motor systems, such as robots, control inputs for actuators are
derived from the processing of image data. Typically the visual processing involves the extraction of
contours, features, corners, or other visual primitives.
Then, motion commands are determined by considering the image location of visual primitives, calibration information, and the desired robot task (see
e.g. [1, 5, 6, 13, 15, 19]). Tracking stability can only
be achieved if the sensing delays are suciently small,
and/or, if the dynamical model is suciently accurate.
Various approaches have been taken to compensate for
the delay of the visual system in visual servo control
(see e.g. [6, 8, 18, 13] and other works on visual tracking [2, 14, 16]).
We consider a simple robotic reaching task: the robot
must touch a moving target using target information
derived from the processing of visual data. This task
 This

research supported in part by NSF IRI-9703352

can be decomposed into the analysis of three separate
parts: (1) the target - the dynamics of the target including the system noise; (2) the motor system - speed
and accuracy of the motor system; (3) the vision system - resolution and accuracy of processing; and the relationships between these parts: (a) the measurement
noise (vision system tracking the target); (b) the distance from the manipulator to the target, (c) visualmotor calibration. Of interest here is the relationship
between the visual processing, its compuational delay,
and both the accuracy and resolution of the resulting
target localization. For a particular manipulator, adequate tuning of the controller should enable motion
to the commanded position with sucient accuracy in
time that depends only on the distance. Thus for a
xed distance to the target, any variation in motion
time must depend on the accuracy of the commanded
position (hence the visual system).
This paper revisits the integration of vision in robot
motion control where vision processing may take place
in parallel with the motion control but the motion execution is independent of the visual system. This form
of motor control is thought to exist in humans where
the decision of where to move and the movement itself
are often thought to be independent [10, 11, 12, 17].
Studies of visual attention and human motor control
suggest that vision is not utilized during motion execution (motions are ballistic). Some evidence suggests
that vision is used at the onset of the task (to determine
initial conditions), at the end of the task (to evaluate
the motion and determine success, failure, etc.), and
for periodic correction or modulation of the pattern of
movements. In contrast, visual guided robot motions
typically perform in a closed loop fashion and thus motion time is limited by the speed with which the visual
sensing can be performed. In hunam systems with visual processing in parallel with motion control the motion is not `servo-ed' on vision. While entire tasks (e.g.
driving) cannot be performed without visual feedback,
many tasks or portions of a task, are readily performed
without tight integration of the vision system within
the control loop. In this paper we explore the interaction of vision and motion control through analysis

of robot reaching tasks for a simple manipulator. The
ability to touch a target depends on accuracy, resolution, and target dynamics. The size of the target e ects
the required resolution of the visual processing, which
in turn e ects the computation time. The uncertainty
in the target dynamics in uences the required resolution. The interplay of these factors for touching a static
target was addressed in [7]. Here we further explore the
interaction of the target dynamics, the resolution of visual data and the accuracy of reaching.

2 Visual Tracking
There has been considerable e ort to produce real-time
algorithms for tracking moving objects. The ability to
track a target depends upon the dynamics of the target
(how fast it is moving), the computation time (amount
of data to process), and the desired tracking accuracy.
Often the visual tracking problem is formulated using
a recursive lter framework [2, 14]. A stochastic model
of the dynamics of the target with Gaussian noise is
used (with the notation based on [14]):
dx(t) = Ax(t)dt + Bdw(t)
(1)
where w(t)  N [0; Q] and with measurement process
y(t) = Hx(t)+ v, v  N [0; R], where R(t) is the resolution of the measurement process. Under Gaussian noise
assumptions, an estimate of the target, x^, and the associate covariance P = E [(x , x^)  (x , x^)T ] are obtained
using a Kalman-Bucy lter (see e.g. [4, 9]). Accuracy
of tracking is expressed via the covariance P (t). If P (t)
diverges then the process is not observable { tracking
is not possible.
Olivier[14] gives a precise discussion on real-time observability of a one dimensional linear stochastic process with variable sample times. In visual tracking the
sample time is typically the time used for processing
visual data. Often this time is taken to be a constant
(e.g. [13]). Mathematical formulations and analysis
of tracking also assume is that the search window is
suciently large such that the measurement process
\works" , i.e. the target is found. (typically a 2
search scale is used { see [2, 16]). If the resolution
within that window is too large then tracking will also
fail. Figure 1 graphically represents these ideas. If the
resolution, R is proportional to the covariance, P , i.e.
R = P (0 <  1), and the sample time is proportional to the search window area (which is a function of
the covariance P ) then tracking is real-time observable
(the covariance does not diverge) for suciently slow
dynamics [14]. For example, the one dimensional linear system:
dx = axdt + dw ; E [dw2 ] = 2 dt (2)
y(tk ) = x(tk ) + v ; v(tk )  N [0; Rk ] (3)
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Figure 1: The width of the search region, S , should be
large enough so that the target is found (> 2). Proportional resolution policies subsample that search region.
The cartoon shows a of search window with the window size of 60 pixels and a resolution of 5 pixels. (For
P = 2 = 100, we searched ^x  3 with a proportional
resolution policy of R = 0:05P = 5 pixels. The processing (of only 10 pixels here), will produce an estimate ^x
with accuracy limited by the resolution.

The Lyapanov equation for the covariance, P is

dP = 2aP + 2
dt
The Riccati equation with resolution Rk = Pk is

Pk+1 =



e2aTk 1 +



2

Pk + 2a e2aTk , 1 (4)

where Tk is the sample time for the kth measurement.
The covariance evolves as

Pk+1 = Pk + :
The covariance decreases and hence the target can be
tracked when < 1, or

e2aTk 1 +

< 1

This expression makes explicit the trade o between the
sample time Tk , the ratio of resolution to covariance, ,
and the system dynamics, a. If the system is suciently
slow for the time scale used a < a(T ) then we can pick a
resolution, P , to ensure tracking. This is in agreement
with the results of Blake et al [2] who also provides
an algorithm for determining the spatio-temporal scale
proportional to the estimated covariance.
The majority of Olivier's [14] work is for one dimensional tracking with linear system dynamics. Examples
are presented for tracking Brownian motion, which can
be considered a \slow" dynamical system. Blake et
al [2] require approximate knowledge of the target dynamics and tracking is based on a constant acceleration
dynamical model. These assumptions are invalid for
non-linear, high speed motor systems such as robots.

3 Motion Control
For a given target speed, visual tracking can produce
an estimate of the target position (at a particular accuracy and resolution). The visual system commands
the motion system (which requires calibration between
the vision and the motor system { see e.g. [5, 18]).
The speed with which motors can move and the delays
associated with visual tracking make task times longer
when using visual feedback tightly within the control
loop. We compare the speed with which a tracker, as
described in the previous section, can follow a manipulator motion to the speed with which an open loop
motion can be performed.
As a simple example, consider the motion of a \1 link"
manipulator (a simple rotor and link). We use a simple
dynamical model describing the angular motion (t) for
a given input torque  (t)
 = J :
To displace the rotor by  radians, given a torque limited motor (  max ), and assuming bang-bang control, the minimum time for the motion is bounded from
below and time is a function of the inertial properties of
the link, J , the desired angular displacement, , and
the maximum torque, max , ie. Tmin = T (; J; max).
There is some overhead associated with computing the
control parameters and \downloading" the motor commands to a motor controller. This time is typically
independent of the size of the motion and can be assumed constant, ao. With the execution time given by
the time function the motion time for a displacement
is:
r
MT  |{z}
ao + bo J 
(5)
overhead

max
| {z }
task execution

If the control is \perfect" and there is no friction or
other unmodeled phenomena, we can achieve this \optimal" motion time given by (5). In practice there will
be errors from inadequate models of inertia, friction,
etc. In addition, bang-bang control is only a theoretical model, instantaneous changes in acceleration are
not realized. Due to these errors, the nal position
may not be the exact desired position. Feedback control can correct for unmodeled phenomena but the resulting time for the motion may exceed the \optimum"
time. Feedback for such simple tasks usually relies on
kinesthetic sensors (shaft encoders). We consider visual feedback here to demonstrate the timing issues for
tracking a manipulator.
For this simple system, there are two points of note.
First of all, when using bang-bang control the motion commands produce abrupt changes in the angular acceleration. The manipulator is initially at rest.

When the motor commands are executed the manipulator moves with high accelerations. Observability constraints for visual tracking require suciently slow dynamics. The second point is that the accelerations are
not constant, as most visual tracking models assume.
In joint space the accelerations are constant but the
resulting motions in workspace are highly non-linear.
The dynamics governing motion of a rotor are linear in
the angular position variable and hence PID control is
highly successful. However, controlling the motion with
visual feedback requires expressing the system dynamics in workspace (or camera space) variables resulting
in non linear dynamics.

4 Reaching a target
To avoid having to synchronize the visual tracking to
rapid manipulator motions (and because visual tracking may not be feasible for rapid manipulator motions),
the control strategy must be modi ed. For many tasks
it is acceptable to slow down the robot motion to facilitate visual tracking. However, there are tasks for which
the actual motion does not need to be monitored. In
reaching tasks, the motors systems can be commanded
to move (independent of the visual system). The vision
system can \saccade" to the expected the nal manipulator position and re-locate the manipulator. To do
so the ngers have to be readily located in the image.
After the reach motion is completed, the vision system
evaluates success or failure and may re-initiate a reach
task. New motor commands are issued and the cycle
repeats. Segmented motor control can use visual feedback for periodic correction or modulation of the pattern of movements, as is thought to occur in humans.
As described earlier, this is the form of visual-motor interaction that is thought in human motor control. The
control is broken into a sequence of steps which may
be iterated.

Step 1 Estimate (if not known) the current manipula-

tor position. Estimate the target position with respect
to the camera. Without prior knowledge, the entire
image needs to be searched. The initial covariance Po
is commensurate with the image size. The resolution,
however, can be coarse to determine a rough estimate
of the target location. Kinematic information from calibration or the image jacobian [18] converts the image
location to a desired manipulator position.

Step 2 Determine the required motor commands to
perform the motion. The motion is executed and we
assume that the nal position is suciently close to
the commanded position. (This is not an unrealistic
assumption as most well-tuned control strategies can
achieve high accuracy. Examples in the literature in-
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Figure 2: Graphical depiction of the vision/motion control
strategy. Vision is used to monitor the motion, not as
servo feedback.
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Figure 4: Plot of motion time vs. the positional accuracy.

Step 3 The resulting position for the manipulator will

6 Discussion

depend on many factors, such as the accuracy of the
image jacobian calibration, the accuracy of the motion
control strategy used, the models used for the manipulator dynamics, friction e ects, etc. With respect to
this work the relevant parameter is the covariance of
the target estimate obtained from the image analysis. The initial covariance of the target estimate and
the resolution at which the processing was performed
give an approximation to the accuracy of the reaching
task. If the covariance is small enough, and the target
width is wide enough, one motion segment will suce
to \reach" the target. If the target width is less than
the covariance, the process must be repeated (from step
1).
It can be shown that for each motion, the time to move
is proportional to the square root of the distance moved

p

p

timek  ao +    ao +  4 Pk :
To achieve the desired accuracy may involve M motions
(of decreasing size). The total motion time will be:

To +

M p
X
k=1

 4 Pk

where M is the iteration when the covariance is smaller
than the target width (RM  W 2 so PM  W 2 ).

5 Experimental Setup
We performed some simple reaching experiments ( gure 3). A plot of the motion time vs. the positional
accuracy for a visual guided reach is shown in gure 4.
As expected the curve

We are developing a framework in which one may decouple the vision system from the motor control system. Control loops that are tightly coupled to slow
sensors, such as vision, are inherently limited. We explore whether tasks, such as reaching, can be achieved
in an open-loop manner, much like the human system.
As the task diculty increases (narrower target), then
the system must use intermediate feedback to reach
the target (M is larger in section 3) and the motion
time increases. For smaller target width, W , a ner
resolution must be used and hence the reaching task
time increases. Further work is necessary to re ne our
framework and account for all sources of uncertainty.
In order to isolate the errors due to uncertainty in the
motor control vs. errors in the image analysis, the system must be carefully calibrated. Our initial experiments assumed \perfect" motion control (lumping all
uncertainty into the visual system). Further analysis
is necessary to formulate the problem with explicit uncertainty parameters for the motor control.
Clearly some tasks will not lend themselves to this form
of control strategy, however for various assembly tasks,
the ability to separate the visual control from the motor will facilitate the incorporation of visual sensors in
robotic devices.
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