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Introduction

A  human-centered system (HCS)
may be defined as a human/ma-

chine system in which the human and
the machine are seamlessly integrated
in performing a human-oriented func-
tion in a way that neither the machine
nor the human, operating alone, could
perform as well. In other words, a HCS
may be viewed as a system in which a
machine, equipped with algorithmic
power and some degree of intelligence,
augments the performance of a human
in the implementation of a complex
human-oriented function. A HCS can
provide a platform for use of a num-
ber of emerging technologies such as
neural, fuzzy-logic, and evolutionary
networks and multimedia technolo-
gies. In what follows, we highlight
some of the concepts underlying HCSs
focussing our attention, first, on de-
sign, then, on a specific example in the
form of a Human-Centered Machine
Vision System (HCMVS).

Human-Centered System Design

The process of human-centered
system design subdivides a task be-
tween a machine and a human:

• The machine acts on computa–
tionally intensive sub-tasks.

• The human acts on sub-tasks that
require complex perception.

• The human-machine interface recon-
ciles the state of the machine with the
state of the human.

Computationally intensive sub-
tasks are amenable for machine execu-
tion. Some amount of intelligence is
embedded in the machine so that the
machine may learn how to carry out
these tasks with minimal human inter-
vention. Although the machine is in-
telligent, complex perception is still
too difficult for the machine. For ex-
ample, in machine vision, establishing
the frame or domain is hard for the
machine. To the human, however, es-
tablishing the frame is very easy. If the
human establishes the frame for the
machine, then the machine can limit
the focus to that domain (e.g., by lim-
iting the search space), thus, improv-
ing performance. In this fashion, HCS
results in collaborative combination of
human and machine.

We now look at each of these com-
ponents of HCS and discuss the con-
siderations involved in their design.

Machine Component

The machine component of the
HCS need not be fully autonomous;
but it must be intelligent to some de-
gree so as to provide pertinent infor-
mation to the human. When some in-
telligence is combined with the
strength of the machine, the machine
can execute simple tasks making de-
cisions with less human intervention.
The table at the top of page 4 outlines
key considerations in machine com-
ponent design.

A Perspective of Human-
Centered Systems*

Rui J.P. de Figueiredo and George C. Lai

* This work was supported by the NSF SGER grant
IRI-9703524.
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Human-Centered Systems … continued from Page 3

Human Component

Humans have the capability to do
many tasks. But, it is important not to
overload the human with burdens that
should be handled by the machine.
Designing a HCS where tasks fall into
weaknesses of human and machine
will result in a fragile system. How-
ever, designing a HCS to take advan-
tage of human and machine strengths
will improve performance and robust-
ness. We outline the design consider-
ations in the table at the top of page 5.

Human-Machine Interface

A wide gap, however, exists be-
tween human and machine. To bridge
this gap, the human and machine must
speak the same language. Because hu-
man communications (e.g., speaking,
writing, and gesticulation) vary
greatly, the interface needs to be intel-
ligent so that it may acclimate to the
human. Current technology has the
capability for machines to recognize
and synthesize in some modes natural
to human. Challenges in the design of
the interface include the following:

• Integration of different media and
subsystems (e.g., sensing, control,
knowledge-base)

• Understanding and reconciliation of
cognitive process of human and ma-
chine

• Effective use of multimedia for com-
municating with human

In what follows, we illustrate the
above considerations by focussing on
the design of a human-centered ma-
chine vision system.

Case Example: Human-Centered
Machine Vision System

Background

An essential part of a machine vi-
sion system is modeling objects, so
that by using the models, the machine
can effectively recognize objects in the
real world. But, creating models by
hand is tedious and potentially error
prone. And as the number of objects in-
creases, modeling by hand becomes
prohibitive. The solution is to embed
automated modeling in the machine
vision system and let the human teach
the machine what features are perti-
nent for recognition.

Explaining HCMVS Methodology

Shown in Fig. 1 is a human-cen-
tered machine vision system
(HCMVS) for improving performance
through visual interaction with a hu-
man. We call this a “cue-based” sys-
tem [1, 2], because the human opera-
tor carries out a simple and yet impor-
tant high-level task such as providing
“cues” to the machine. These “cues”
could be, for example, the labels of
certain edges of an edge-image of the
object being displayed by the machine.
With the aid of these “cues”, the ma-
chine can more robustly update the
states of its models. The interactive

Considerations for Machine Component: Likely Tasks for Machine Component:

• Realizable (i.e., what is the algorithm?) • Using relationships for deductive and
• Strength: fast, accurate, long-term memory inductive reasoning
• Weakness: perception, creativity • Searching large databases

• Verifying local coherency
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. . . continued on Page 6

system has the mechanism for observ-
ing and analyzing what the human
would do in different scene settings.
The mechanism then draws a corre-
spondence between the scene features,
the procedures, and the parameters. In
effect, the system learns what proce-
dures and parameters to use for a scene
from the human. Each component of
the HCMVS manages tasks as follows:

• Machine sub-tasks: feature extrac-
tion, matching, model generation,
storage optimization

• Human sub-tasks: providing “cues”,
verifying machine performance

• Human-machine interface sub-
tasks: translating human commands
into tokens understandable by the

Figure 1. Block diagram of HCMVS. The machine M processes the sensed image x, then displays the result as a displayed to the human
operator H. On the basis of d and x, H sends a cue c to M to enable it to provide the interpretation y after a second stage of processing.

The human-machine interface translates communications between the human and the machine.

machine, translating machine inter-
pretation into forms for human visu-
alization and understanding

Due to different levels of represen-
tation in the recognition process, the
support for learning requires commu-
nication between the human and the
machine at each level of the represen-
tation. In Fig. 2, double-arrow lines
represent these channels of communi-
cation. Thus, at that level of abstrac-
tion, the human can help diagnose
false logic in the machine or teach the
machine how to do a task. For ex-
ample, the human can tell the machine
that certain features with a particular
structure can form a perceptual group.
The machine will accordingly include
this directive into its knowledge base
for future scenarios.

Considerations for Human Component: Likely Tasks for Human Component:

• Operable (i.e., can a human fulfill this task?) • Identifying relationships for inductive and
• Strength: perception, creativity deductive reasoning
• Weakness: slow, inaccurate, forgetful, • Verifying global coherency

fatigues easily

M(x,c’) H(x,d’)x y

display ddisplay d’

cue c cue c’

x

sensed image x interpretation y

Models

Human-Machine

Interface

Library of
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Human-Centered Systems … continued from Page 5

Applying HCMVS Methodology
in a Space Station Scenario

HCMVSs can play an important
role in the assembly and/or mainte-
nance and/or operation of manned
spacecraft like the Space Station, a
model of which is depicted in Fig. 3.

A typical space application of EVA
(extra-vehicular activity) is a HCMVS

consisting of an astronaut and an intel-
ligent camera vision system. Such a
system enables the astronaut to deter-
mine precisely the 3D orientation of a
micro-3 robotic interface device such
as the one shown in Fig. 4. The pose
measurement is needed by a robot to
execute, with the supervision of the
astronaut, the replacement of a part
using the interface device of Fig. 4 to
grab that part. To determine the pose,
the astronaut points the camera
(mounted on the robot) to the interface
device and a computer algorithm de-
termines the pose by processing the
image captured by the camera.

Such a HCMVS system was devel-
oped and tested in a laboratory envi-
ronment by the UC-Irvine group [3].
The block diagram of the pose estima-

Features

Perceptual Groups

Objects

Scenes

Manipulator Control

Procedures

Plans & Schedules

Human
Human-Machine

Interface

Figure 2. HCMVS dataflow diagram. The human can communicate with
the machine through the human-machine interface at different levels of

representation within the machine.
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. . . continued on Page 8

tion system is shown in Fig. 5.
The 3D shape information
containing the interface pose
parameters is compressed in
the form of a polar signature
R(θ), one of which is depicted
in Fig. 6. This signature is ob-
tained by appropriate processing
of the image captured by the camera
by edge detection, 2D FFT, Radon
transform, and radial integration. Spe-
cifically, if f(x,y) denotes the image,
one goes through the process of obtain-
ing its edge image g(x,y), the Fourier
Transform G(r,θ) (in polar coordi-
nates) of g(x,y), and the L2 norm R(θ)
of G(⋅,θ). (By the Fourier Slice Theo-
rem, R(θ) can also be obtained using
the Radon Transform.) This R(θ) rep-
resents a “signature” of the object
along a given viewing direction, and,
as an entity storing the pose parameters
of the object, such a signature achieves
a compression 1000/1 compared to the
original image. In this system, signa-
tures are obtained by implementing

this procedure in a computer simula-
tion environment on a CAD model of
the object in different orientations, and
these signatures are stored in a Library.
The pose parameters of a given test
image are obtained by matching its sig-
nature with one of the (suitably inter-
polated) Library signatures of the
CAD model of the object. For details,
see [3].

Other Applications of HCSs

Some other appl icat ions of
HCSs areFigure 4. A micro-3 robotic interface device.

Figure 5. Data-flow
diagram for pose

estimation.

Image

Edge Image

Signature

FFT

Radial Integration

Processing

Target Geometry

Signature Library

Preprocessing

N-Best Attitude Estimates

Cross-Correlation

N-Best Pose Estimates

Best Pose Estimate

Generation of N

Overlays

Cross-Correlation

3-D Model

Edge Image

Distance and

Bearing Estimate

Calculation of Higher

Order Moments



8

Human-Centered Systems … continued from Page 7

• information systems (e.g., database
for medical, military, scientific use)

• remote sensing and control (e.g.,
power plant monitoring)

• traffic control (e.g., rail, air, sea)
• financial monitoring (e.g., inappro-

priate transaction)
• network monitoring (e.g., illegal

break-in of network, fraudulent use
of phone lines)

Possible Future Directions

Some of the directions of future re-
search are
• advancing processor and hardware

necessary for parallel computation
• unifying AI, multimedia, image un-

derstanding, speech recognition, etc.
into a development environment
akin to IUE of DARPA

• researching and understanding of
cognition (current understanding is
very limited)

Conclusion

Among the challenges of building
an HCS, the challenge of advancing
machine intelligence is perhaps the
biggest. Rule-based systems, relational
and hierarchical structures, frames and
schemas have been used in the past,
and artificial neural networks [4] and
genetic algorithms have been studied
more recently. Machine intelligence,
however, is still a domain for current
and future research. As multimedia sys-
tems become more and more interactive,
we will see machine intelligence as an
integrated component of multimedia sys-
tems. This prospect augurs the need for
further research in HCSs in the context
of the applications mentioned.
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1) Articles are readable by the entire CAS membership.
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Abstract—The focal point of this
short paper is modeling of non-

linear systems. Frequently the algo-
rithms used for this purpose are based
on optimization and statistical proce-
dures. Although the resulting nonlin-
ear models may be optimal in some
statistical sense, what about the non-
linear dynamics such models should
display? It is argued that if greater
attention is paid to the dynamics of
identified nonlinear models much can
be gained even when the original al-

gorithms are still used. This nonlinear
dynamics approach to system identifi-
cation naturally follows on to gray-box
modeling and seems to be a promising
direction in the field.

Introduction

To understand observed phenom-
ena is likely to be the most fundamen-
tal goal in science. In order to achieve
such a challenging objective, scientists
throughout the centuries have followed
a number of procedures. Among such

A Nonlinear Dynamical Approach
to System Identification

by Luis Antonio Aguirre

Measured data collected from an implementation of Chua’s circuit.
The data in the 3D plot are the voltage across and current through

Chua’s diode. The 2D attractors were reconstructed from the
voltage signal. Colors are used to indicate different operating

conditions that directly reflect on the dynamics symmetry.
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. . . continued on Page 12

one can list judiciously designed and
repeatable experiments during which
most factors are maintained controlled
in such a way as to enable understand-
ing the cause-effect relationships
among the variables of interest. The
painstaking repetition of experiments
added to careful observation and criti-
cal analysis of data frequently results
in greater insight about the system be-
ing analyzed.

Another important tool used to
quantify and analyze observed data is
the mathematical model. As for most
experiments, mathematical models are
useful to help understand the cause-
effect relationships among variables,
given a set of observed data. One ad-
vantage of mathematical models is that
many variations can be tried using a
single data set without incurring extra
costs. Unfortunately, this is not always
true for experiments. On the other
hand, a difficulty related to the use of
mathematical models is that there are
too many possible ways of obtaining
models from data.

The systematic and intensive use
of experiments and mathematical
models did not remain confined to sci-
ence [1]. The last century has wit-
nessed an ever-increasing use of such
tools in all fields of engineering and
technology and even in the social sci-
ences. On the one hand, greater de-
mands have prompted the develop-
ment of more refined experiments and
mathematical models. On the other
hand, such procedures have found their

limits, respectively, in the costs to per-
form too sophisticated experiments
and in the limited computational ca-
pacity to obtain and run complex math-
ematical models. However, it is note-
worthy that relatively cheap, powerful
computers have been made available
well beyond what could be expected a
few decades ago. It seems therefore
that the use of mathematical models
has been, in a sense, blessed with the
possibility of obtaining and running
quite complex model structures. But
what might at first sight seem a bless-
ing turns out to be, more often than not,
a subtle curse.

Throughout this paper the term
model representation will be used to
denote the type of model. For instance,
multilayer perceptron (MLP) neural
networks and NARX (nonlinear
autoregressive with exogenous in-
puts) polynomials are different
model representations. On the other
hand, model structure will be used to
indicate a particular model configura-
tion within the chosen model represen-
tation. For instance, the regressors
y(k–1), u(k–1), and y(k–3)u(k–1)2

define a particular three-term model
structure of a NARX polynomial
model.

The aim of this paper is to briefly
and very coarsely point out the devel-
opment of some modeling techniques
and indicate in which direction the
field of nonlinear system identification
seems to be moving forward.

Luis Antonio Aguirre received Bachelor and Master degrees in electrical engineering from the
Universidade Federal de Minas Gerais (UFMG) in 1987 and 1990, respectively. He received the Ph.D.
degree from the University of Sheffield, UK, in 1994. In 1995 he was offered a permanent position as
associate professor in Departamento de Engenharia Eletrônica at UFMG where he supervises undergradu-
ate and graduate research in modeling, analysis and control of nonlinear systems. He is the director of the
research group MACSIN (http//www.cpdee.ufmg.br/~MACSIN) and his main research topics include non-
linear signal and system identification; NARMAX models and other nonlinear mathematical representa-
tions; characterization and prediction of nonlinear time series; and analysis and control of nonlinear dy-
namics and chaos. Beginning in January 2000, he is director of graduate studies in electrical engineering at
UFMG.
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Nonlinear System Modeling … continued from Page 11

White, Gray and
Black-Box Models

The discussion in this section can
be summarized by Fig. 1. As men-
tioned before, the need to understand,
quantify and analyze observed phe-
nomena has always served as a moti-
vation to develop mathematical mod-
els. Models by Galileo Galilei, Kepler
and Gauss are but a few examples.

referred to as modeling by first-prin-
ciples or simply white-box modeling.

Models obtained by first principles
are therefore motivated by the physics
involved. Usually the model structure
is the result of applying some type of
law (e.g. mass or energy balance,
chemical reactions, etc.) to the system
and the parameters are estimated by
data collected during static tests.
Therefore loosely speaking, the dy-
namical character of the model is ob-
tained by first principles and param-
eters from static data. Hence white-box
models relate the involved variables
and parameters in a way that is physi-
cally meaningful. On the other hand,
a difficulty with such models is that not
always are the relevant physical laws
known; and even if they were known,
sometimes they turn out complicated
enough to preclude modeling.

The aforementioned difficulty
served as a motivation to develop mod-
eling techniques that do not rely in any
way on any prior knowledge about the
system. The only assumption made is
that there are observed data and that
such data contain both dynamical and
static information about the system.
For the sake of discussion, suppose the
system is excited by input u and pro-
duces output y. Then, the challenge of
black-box modeling is to find a func-
tion F that can be used to explain the
output based on the data, that is,

y = F(y, u) . (1)

Equation (1) is quite general, as is
the concept of black-box modeling. In
the next section some specific cases

As mentioned before, the need
to understand, quantify and
analyze observed phenomena
has always served as a motiva-
tion to develop mathematical
models. Models by Galileo
Galilei, Kepler and Gauss are
but a few examples.

With very few exceptions, in the early
days of science, models were moti-
vated by the laws of nature that gov-
erned the system under study. For in-
stance, if the data being analyzed were
observed from planet movements, then
Kepler’s gravitational laws would most
likely be the starting point in building a
mathematical model. This is sometimes

. . . continued on Page 14
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PHYSICALLY

MOTIVATED

MODELS

“GENERAL” LINEAR

MATHEMATICAL

MODELS

“GENERAL”
NONLINEAR

MATHEMATICAL  MODELS

Need to represent,
model and analyze
observed phenomena

Advantages

Models are very
useful to analyze
and understand
the system.

Models are very
simple to handle;
no prior knowledge
is required.

Very flexible and
can adjust to
various types
of complex data.

Difficulties

Modeling requires
detailed knowledge
about the system.

Models cannot
reproduce
nonlinear
phenomena.

Can easily become
too complex. Very
difficult to extract
information
from model.

Structure

Model structure
is determined
by physical
phenomena.

Model structure
is simple and
has no relation
to the physics.

Models can get
quite complex
and structure has
no clear relation
to the physics.

Parameters

Parameters are
obtained from
static test
data.

Parameters are
estimated minimizing
a cost function
based on data.

Parameters are
estimated by
minimizing a cost
function based
on data.

Definition of relationships that:
1)relate model features to the dynamics

achievable by the model;
2)enable using some prior information to

help determine the model structure and
parameters.

Models can be used more effectively to
extract information about the system
from the data.

Use of more flexible (complex) mathemati-
cal representations for dynamical systems.
Development of more sophisticated
algorithms to:

1)determine the model structure;
2)estimate parameters.

But all such representations and algorithms
are handled in a black-box fashion.

Serves as
motivation for new

developments

White-Box
modeling

Gray-Box
modeling

Black-Box
modeling

Figure 1. Time advances from top to bottom. Difficulties associated with specific classes of models usually serve as motivation to new
mathematical representations. In this diagram modeling procedures are grouped in three different classes: white-box, gray-box and

black-box techniques. This classification takes into account not only the modeling procedure but also the mathematical representation.

▼ ▼

▼

▼

▼
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will be mentioned. The term black-box
comes from the fact that no prior
knowledge of the system is required to
build F. Such a function, therefore,
becomes a “black-box” that simply
relates observed data. This is a very
general setting for a problem and in
order to tackle it, researchers starter by
focussing their attention on the linear
case. Requiring F to be linear was nec-
essary to master the basic principles of
black-box modeling and to develop
adequate tools. However, if the data

more accurate way. Of course, as will
be discussed in section, Some Pitfalls,
there is a price to be paid for the extra
degrees-of-freedom. Nonetheless, lin-
ear and nonlinear black-box models
are quite convenient in the sense that
no prior knowledge is required. On the
other hand, given a black-box model
it is difficult to gain insight about the
system, especially if F is linear or if F
is nonlinear and too complicated.

In recent years there has been a
modest though promising trend to-
wards gray-box modeling. Motivation

A Nonlinear Dynamical Approach
to System Identification

…it seems reasonable to suppose that if
a certain model can be obtained without
any prior knowledge, it should be pos-
sible in principle to obtain a better
model if something were known about
the system.

are related in a nonlinear way, a linear
function F will not fit in accurately nor
will it be able to reproduce nonlinear
phenomena.

Once the basic procedures of lin-
ear black-box modeling were under-
stood, researchers were prompted to
develop techniques for nonlinear
black-box modeling. In this case F is
now a nonlinear function and this usu-
ally enables fitting the data in a much

to move on to this new type of model-
ing is twofold. First, it seems reason-
able to suppose that if a certain model
can be obtained without any prior
knowledge, it should be possible in
principle to obtain a better model if
something were known about the sys-
tem. It turns out that such a supposi-
tion is not as trivial as it sounds. In fact,
it is quite a challenge to incorporate
some prior knowledge into a model in

Nonlinear System Modeling … continued from Page 12
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the context of black-box modeling in
order to yield a gray-box model. In
second place, if it is learned how to in-
corporate prior information into a
model, then it should also be possible
to obtain a model in a rather black-box
fashion and then extract physically
meaningful information about the sys-
tem. A simple example of this will be
briefly presented in the section, Gray-
Box Modeling—A Primer.

Some Representations

As mentioned before, Equation (1)
is quite general. The first great division
that can be made concerning F is be-
tween linear and nonlinear functions.
For linear systems, F can be a trans-
fer function if both input and output are
arguments of the function. If only the
input is an argument of F, that is, if
y=F(u), then F could be the impulse
response of the system. If y is a vector
of state variables then F becomes a
state space representation of the sys-
tem. Of course, all such representa-
tions can be found in continuous-
time and discrete-time versions. In
the continuous case, the arguments
of F are usually time derivatives of
y and u whereas in the discrete-time
case the arguments of F are time-de-
layed observations of the signals y
and u. Yet another possible classifi-
cation, still in the realm of linear sys-
tems, is between time domain and
frequency domain representations.
The details of mathematical repre-
sentations of linear systems and their
identification are well  documented
in standard texts such as [2, 3].

The diversity of nonlinear math-
ematical representations is great. Any
attempt to cover this subject is likely
to fall short of being complete. None-
theless there are some key-representa-
tions that should be mentioned.

Historically, the Volterra series
played an important role up to the sev-

The great number of parameters
involved in the Volterra series
can be interpreted as the price
paid for trying to explain the out-
put only as a function of the in-
put and the so-called Volterra
kernels. This motivated research-
ers to develop representations
that use not only the input but
also the output to explain the ob-
served data.

enties. In short, such a series is the
nonlinear counterpart of the linear im-
pulse response. The greatest difficulty
related to this representation is the
huge number of parameters required to
represent nonlinear systems. Approxi-
mately at the same time the Volterra
series was being investigated, two

. . . continued on Page 16


