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Abstract
Recent hardware developments have rendered controlled
active vision a viable option for a broad range of practical problems. However, realizing this potential requires
having a framework for synthesizing robust active vision
systems, capable of moving beyond carefully controlled
environments. Recent work has shown that this can be
achieved by combining robust computer vision and control
techniques. However, in some cases robustness is achieved
at the expense of performance. In this paper we show that
this performanceloss can be avoided by recasting the problem into a Linear Parameter Varying (LPV)form and using
recently developed robust identification and control tools
for this class of problems. These results are experimentally validated using a Bisight robotic head.

1 Introduction and Motivation
Recent hardware advances have rendered visual
feedback a viable option for a very diverse spectrum
of applications ranging from MEMS manufacture[7]
to assisting individuals with disabilities [23], and
Intelligent Vehicle Highway Systems [181. Clearly
these applications would not be possible without the
use of feedback control to compensate for uncertainty and errors.
Active vision systems appeared as far back as late
1970's [lo] and have been the subject of much research since. An excellent survey of the earlier work
(up to 1996) can be found in [12].
Earlier active vision systems dealt with stability issues by detuning the controller, at the expense of
performance, until stability was accomplished [ 121.
Latter approaches combined PID controllers with
some prediction to explicitly address time delays.
However, these predictors can tolerate only small
amounts of uncertainty [15]. Moreover, the combi-
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nation PID controller/predictor had to be tuned empirically, a process that entailed considerable experimentation [6].
Set-point tracking can be improved using a twodegrees of freedom (2-DOF) controller [6]. However, this approach can improve neither robustness
nor disturbance rejection. Optimal controllers have
the potential to improve performance [14, 91, but
can lead to fragile systems 1141. Empirical results
[13, 171 show that adaptive controllers can accommodate calibration errors. However, this approach
does not allow for achieving an a-priori established
robustness level or to balance robustness versus performance.
Arguably, at this point fragility is one of the critical
factors limiting widespread use of active vision techniques. Indeed, while commercially available products offer basic object-tracking, they have very limited robustness capabilities and lack flexibility [ll].
Very recent work has recognized the fact that robustness issues are central to the success of active vision systems. Robustness to calibration errors and
estimation noise has been addressed in [8, 221 and
[ 161 respectively. Robustness against unmodelled
dynamics and parametric uncertainty has been addressed in [20]. However, in all these cases robustness is potentially obtained at the expense of performance.
In this paper we illustrate with a simple example the
control-related issues involved in active vision and
we show how some very recently developed Linear
Parameter Varying (LPV) control techniques can be
brought to bear on the problem. These results are experimentally validated using a stereo-head. Finally,
the paper ends by pointing-out new research directions and possible extensions of currently available
techniques.
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2 Preliminaries

where the factor
delay.

5 models the image processing

2.1 Hardware description
The hardware setup used in this paper, shown in
Figure 1 (a), consists of a Unisight padtilt platform with a BiSight stereo head with Hitachi KPM1 cameras and Fujinon HlOXllEMPX-31 motorized lenses. The input commands to the head and the
lenses were given using a 10 channel PMAC 6 - T
controller. The image processing was performed using a Datacube MaxSPARC S250 hosted by a Sun
Ultra Sparc workstation.

In the next section we use this setup as a vehicle to illustrate some problems with currently available techniques and to motivate the proposed approach. For
the sake of briefness, in the sequel we concentrate
only on controller design for the pan axis. Control
design for the second axis (tilt motion) follows exactly along the same lines.

Figure 2: Tracking error of an optimal LQG controller
(experimental).

Once the model (1) has been obtained, a controller
can be synthesized using standard techniques. Figure 2 shows experimental results obtained using an
LQG controller tuned to achieve a compromise between settling time and overshoot. Note that while
the controller achieves acceptable performance for
the nominal plant, the closed-loop system becomes
unstable for off-nominal conditions

2.2 Illustrative example
The control-related issues involved in active vision
can be illustrated by considering the problem of
smooth tracking of a non-cooperative target, illustrated in the block diagram shown in Figure 1 (b).
Here the goal is to internally stabilize the plant and
to track the reference signal yref, using as measurements images possibly corrupted by noise.

'.

Figure 1: (a) The experimental setup, (b) Block diagram
of a visual tracking system.

Control oriented identification of the plant yields the
following model for the nominal transfer function
from the command input to the tracking error (in pixels, see [20] for details):
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Figure 3: (a) Open loop frequency responses for different
f's (b) Selection of the uncertainty weight.
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'Similar results were also obtained vith a PID controller.
These results are omitted for space reasons.
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This phenomenon can be easily explained by looking
at the transfer functions corresponding to different
values of the focal length f, shown in Figure 3 (a).
As shown there, changes in f effectively amount to a
change in a gain multiplying the control action, leading to instability when the gain margin of the system
is exceeded.

This difficulty can be solved by modelling the system
as a nominal plant subject to multiplicative dynamic
uncertainty (intended to cover, in addition to variations in f , unmodelled dynamics and uncertainty
in the time-delay), and using robust control tools to
synthesize a controller guaranteeing robust performance. Figure 3 (b) shows the uncertainties corresponding to the minimum and maximum values of
the zoom f, and up to one-sampling period in the
time-delay (the total time delay fluctuates between
two and three sampling periods depending on the
amount of time required to locate the target in the
image). From these plots it follows that a suitable
uncertainty weight is given by:

Finally, in order to guarantee perfect tracking of step
displacements, the plant was augmented with an integrator at the control input. Using p-synthesis with
first order scales and performance weigth W,(z) =
leads to a loth order controller. The step
responses of the closed loop system obtained with
this controller (simulation and experimental) for two
different values of f are shown in Figure 4. As
shown there, in the nominal case performance is similar (in terms of overshoot and settling time) to that
achieved with the LQG controller. On the other hand,
changes in f result in somewhat degraded performance, but the system still remains stable.
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This example illustrates the ability of the combination of robust identification and robust control techniques to address the fragility exhibited by active
vision systems designed using classical techniques.
However, in some cases this robustness is achieved
at the expense of performance. For instance, experimental results obtained in our lab show that this approach works well when f is allowed to change between 30% to 70% of its range, but it entails substantial performance loss otherwise. Simply put,
one is asking a single controller to accommodate a
large range of plant dynamics and this can be accomplished only by using a small gain, leading to
2This function has a low pass characteristic, penalizing large
tracking errom and leading to a closed loop function with a bandwidth on the order of lOHz (equivalently, settling times on the
order of 0.5 sec.).

Figure 4: Tracking error for a robust controller: (a) 50%
zoom (nominal), (b) 70% zoom
relatively slow systems. As we show in the sequel,
performance can be regained by casting the active
vision problem into an LPV form.

3 Improving performance using a Linear
Parameter Varying Approach
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Most active vision setups allow for measuring parameters (such as f and the distance 2,to the target
in real time [3]; albeit compted by noise). Thus, the
system can be recast in the form shown in Figure 5
where the plant depends on time-varying parameters
that are unknown a-priori, but can be measured on-
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-line. Problems involving these types of systems (linear parameter varying (LPV)) have been the object
of recent attention in the control community. While+a
comprehensivetheory is still being developed, some
tools are already available that allow for optimizing
performance while guaranteeing stability [24]. Since
in this approach the controller depends explicitly on
the present values of these parameters, it has the
potential to outperform a fixed linear controller designed to accommodate the entire parameter range.
Successful application of this approach to active vision systems requires developmentof tools for:

xk+1

+

Yk

=

+
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LPV controllers that ac-

commodate the special features of active vision problems.
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In this paper we will consider only items (1) and (3)
above, assuming that measurements of the relevant
parameters are available. Some open issues conceming these measurements and their impact in the controller design are discussed in section 5.
3.1 Control Oriented Identification of LPV systems
The first step in applying LPV tools to the active vision problem is to identify a model suitable to be
used by the available control synthesis methods. A
difficulty here is that while control oriented identification of LTI systems is by now relatively mature
[15], comparable identification tools for LPV systems are just starting to appear. In this paper we
will use the robust LPV identification framework recently proposed in [21], that starting from experimental data and some mild a priori assumptions
on the plant, generates a nominal model as well as
bounds on the worst case identification error suitable
to be used by LPV robust control synthesis methods.
The experimental information considered consisted
of N t = 25 samples of the time response of the real
system Y k to a known input U k while the time varying parameter P k (in this case the focal length) was
allowed to vary between -0.5977 and 0.2076 during
the experiment. By repeatedly measuring the location of the centroid of the target in the absence of
input, the experimental noise measurement was determined to be bounded by et = 4/ll0pixels/count
'. Based on this data we obtained the following LPV
model:
3This experimental error is mainly due to fluctuating conditions such as ambient light.
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, p l i = -0.0059,
0 , p = 1.0799.
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= D p i i . D p z i = 1,
(41

Figure 6 compares the output of the identified model
against the experimental data. As shown there, the
identified model explains the observed data within
the experimental error.

Figure 6: Output of the identified LPV model and experimental data

4 Controller Design

A difficulty in synthesizing LPV controllers for active vision systems is that currently available techniques assume that the controller has instantaneous
access to exact values of the parameters. On the
other hand, in active vision problems these parameters must be estimated from images, leading to delays and some level of uncertainty. Nevertheless,
these factors can be taken into account, albeit in
a somewhat conservative fashion, by incorporating
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them into the model uncertainty and designing a robust LPV controller. In the sequel we pursue this approach, using the technique proposed in [4] to design
an LFT scheduled 31-, controller. It can be shown
that in this context, the problem reduces to an LMI
feasibility problem that can be efficiently solved.
Figure 7 compares the performance of the LPV
controller4 against that achieved by the p-synthesis
based one. As expected, while performance is
comparable for the nominal case, the LPV controller yields substantially better performance for
off-nominal conditions.

5 Conclusions and Directions for Further
Research
Recent hardware developments have opened up the
possibility of applying active vision techniques to
a broad range of real-world problems. However,
as noted in recent conferences [l, 21 involving both
control and computer vision researchers, while there
seems to be a consensus in these communities about
the implicit power of visual control, actually realizing this potential requires controllers capable of accommodating, in addition to uncertainty, the substantial time delays and time-varying parameters
typical of visual servoing problems. As shown in
this paper, the combination of very recently developed LPV robust identification and control tools has
the potential to address these issues, leading to controllers capable of achieving good performance for a
wide range of operating conditions.
Some issues still open that were not addressed in this
paper include:

I

Figure 7: LPV versus p controllers:(a)0% zoom (b) 50%
zoom (c) 100%zoom

4A state space realization of the controller, omitted for space
reasons, can be obtained contacting the authors
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Multiple performance objectives: In this paper
all performance specifications were given in terms
of a single norm (12-induced) also used to assess
stability. Clearly, a single norm is usually not
enough to capture different, and often conflicting,
design specifications. For instance the 12-induced
norm, while adequate to address robustness considerations, is not well suited for directly optimizing the size of the region in the image that can be
reached by the target (fovea). The larger this region is, the more computationallyexpensive it becomes to find the target in each frame, resulting in
larger time-delays, which in turn limits tracking
of fast-moving targets and can compromise stability. Addressing these issues requires expanding the available LPV formalism to handle multiple objectives. A possible way of achieving this is
by extending the LMI-based multiobjective techniques proposed in [SI to the LPV case.
Noise and time-deiays in the parameter estimates. As mentioned in section 4, in this paper
we have assumed that exact current values of the
parameters are available to the controller. However, these values are usually corrupted by noise
and delayed. Addressing these issues will require
expanding LPV techniques to handle this case.
Model (1n)Validation of LPV Systems: In order to obtain less conservative results, methods
should be developed to obtain tight uncertainty
characterizations. This can be achieved by developing LPV counterpartsof model validation methods currently available for LTI systems[l9].
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