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Abstract: ORBIT is a MATLAB-based toolkit for black-box and grey-box modeling
of non-linear dynamic systems. The model representation is based on multiple local
models valid in di�erent operating regimes that are being smoothly patched together
into a global non-linear model. ORBIT is a computer-aided modeling environment
that supports interactive development of regime based models on the basis of
a mixture of empirical data and prior knowledge. ORBIT contains functions for
robust parameter identi�cation, including constrained identi�cation, regularization
and Bayesian identi�cation. There are functions for structure identi�cation, including
selection of the local model orders as well as decompositions into operating regimes
that gives good �t to the data. Model validation, visualization and application is also
supported.
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1. INTRODUCTION

There is a growing interest in modeling and iden-
ti�cation methods based on explicit decomposi-
tion of the operating range of dynamical sys-
tems into operating regimes and the use of simple
local models within each operating regime, see
e.g. (Johansen and Foss 1997, Murray-Smith and
Johansen 1997, Takagi and Sugeno 1985, Jacobs et
al. 1991). Such dynamical models have found wide
applicability in model predictive control (Foss
et al. 1995, Chow et al. 1995), gain schedul-
ing control (Hunt and Johansen 1997, Baner-
jee et al. 1995) and fuzzy control (Takagi and
Sugeno 1985, Zhao et al. 1995). SINTEF and The
Norwegian University of Science and Technology
have developed a research tool to facilitate further
research and development of this technology, as
well as internal and external use in education and
industrial research projects. The MATLAB based

software tool is called ORBIT (Operating Regime
Based modeling and Identi�cation Toolkit).

Mathematical modeling is the science of trans-
forming the available empirical and mechanistic
data and knowledge into a set of equations that
are useful for the intended application of the
model. The blending of empiricism with an under-
standing of the mechanisms of the system is of fun-
damental importance (Johansen and Foss 1997).
ORBIT is an interactive environment for com-
puter aided modeling and system identi�cation,
typically leading to mathematical models that can
be described as grey-box models. Depending on
the application and the available data and knowl-
edge, ORBIT can be applied as anything between
an automatic data-driven modeling program and
a graphical user interface (GUI) for manual speci-
�cation of the model. Advanced methods for non-
linear system identi�cation is the core of ORBIT.



2. OPERATING REGIME BASED
MODELING

The purpose of this section is to provide a brief
outline of the basics of operating regime based
modeling. More details can be found in e.g.
(Murray-Smith and Johansen 1997).

2.1 Operating Regimes

Any model will have a limited range of validity.
This range may be restricted by the modeling
assumptions for a mechanistic model, or by the
experimental conditions under which the data was
logged for an empirical model. To emphasize this
aspect, a model that has a range of validity less
than the desired range of validity will be called a
local model, as opposed to a global model that is
valid in the full range of operation. The region in
which a local model is valid, is called an operating
regime.
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Fig. 1. Decomposition of operating range into
regimes

The operating regime based modeling framework
can be conceptually illustrated as in Figure 1.
The system's full range of operation is covered
by a number of possibly overlapping operating
regimes. Within each operating regime the system
is modeled by a local model, and the local models
are combined into a global model using weighting
functions. Notice that the operating regimes are
not really regions with hard boundaries as illus-
trated in the �gure, but rather regions with soft
boundaries. This means that there will be a grad-
ual transition between local models when moving
between operating regimes. This is implemented
as an interpolation technique.

One motivation behind this framework is that
global modeling is complicated because one will
need to describe the interactions between a large
number of phenomena that appear globally. Local
modeling, on the other hand, may be considerably
simpler because locally there may be a smaller
number of phenomena that are relevant, and their

interactions are simpler. For instance, while a non-
linear model may be needed globally, linear mod-
els will be su�cient locally. A non-linear modeling
problem can therefore be solved within the operat-
ing regime based modeling framework by decom-
posing the operating range into a number of oper-
ating regimes, and developing simple linear mod-
els within each operating regime (Johansen and
Foss 1997, Murray-Smith and Johansen 1997).

2.2 Flexible Modeling

One of the nice features of the operating regime
based modeling framework is that the require-
ments in terms of process knowledge are quite
reasonable. Often, quite elementary and qualita-
tive process knowledge combined with reasonable
amounts of process data is su�cient to develop
complex and accurate non-linear models based on
operating regimes and local models.

Modeling involves three major tasks:

(1) Select a decomposition into operating regimes.
For this purpose one can use qualitative un-
derstanding of the system's behavior or inter-
nal phenomena, or one can select the model
structure using some structure identi�cation
algorithm and empirical data.

(2) Select the structure of the local models.
Again, one can use a combination of qualita-
tive understanding and empirical data. The
local model structures can either be chosen
as empirical model structures, or you can
develop mechanistic local model structures.

(3) Tune the local model parameters. For this
part, empirical data and an identi�cation
algorithm are usually applied.

In some operating regimes, the system may be de-
scribed by an empirical input/output model, while
it in other operating regimes may be described by
a mechanistic state-space model. In other words,
the framework is exible with respect to the type
of process knowledge that can be applied.

Moreover, the framework supports incremental
modeling and simple model maintenance to some
extent, because the modi�cation of a single local
model or operating regime has a quite predictable
e�ect on the global model. In addition, we may
use local models with di�erent levels of accuracy
according to what is required in di�erent operat-
ing regimes.

3. ORBIT OVERVIEW

3.1 The ORBIT Environment

An overview of the ORBIT software environment
can be seen in �gure 2. ORBIT is implemented in
MATLAB. Current versions run under MATLAB
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Fig. 2. The ORBIT Environment

4.2 on UNIX and PC platforms. The ORBIT
core contains the GUI, parameter and structure
identi�cation algorithms and model validation al-
gorithms, model database management as well as
interfaces to various generic MATLAB tools and
toolboxes. ORBIT can support a wide range of
model representations. However, only the NARX
representation (Johansen and Foss 1993) is cur-
rently implemented as part of the standard model
representation library. The advanced user is free
to include customised or generic model represen-
tations in this library by programming the re-
quired MATLAB functions. The ORBIT Control
Design toolkit (ORBITcd) (Johansen et al. 1997)
supports design of gain-scheduling-like non-linear
controllers on the basis of ORBIT models. ORBIT
models and controllers can be made available as
SIMULINK S-functions and blocks for simulation.
Using the built-in code generation facility, models
and controllers can be exported as C-functions
for real-time application or fast simulation. Local
model parameters can also be interchanged with
other MATLAB tools, including the MATLAB
Control Toolbox, Signal Processing Toolbox, and
LMI Toolbox. An application programmers in-
terface (API) allows other MATLAB programs
to access the ORBIT model database. ORBIT is
extendible, i.e. its core model representation and
functions are documented. Experimental applica-
tion data and prior knowledge form the basis of
model development in ORBIT. These can be pre-
processed and analysed using generic MATLAB
and SIMULINK functions before they are made
use of in ORBIT.

3.2 The NARX Model Representation in ORBIT

Here we will describe a useful model represen-
tation that is available in ORBIT, namely the
NARX model representation (Johansen and Foss
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Fig. 3. The ORBIT NARX model representation.

1993). Mathematically, this representation relates
an input vector u(t) to an output vector y(t) by

y(t) =

NX

i=1

fi( (t); �i)wi(z(t)) + e(t)

 (t) = (y(t� 1); :::; y(t� ny); u(t); :::; u(t� nu))
T

z(t) =H(y; u)(t)

where e(t) represents the unmodeled dynamics
and noise. A block diagram for this model is
provided in Figure 3. The elements of this model
representation are

� The functions f1; :::; fN de�nes a set of local
models. These can either be of the most
commonly applied linear type

fi(�) = ai;0 +Ai;1y(t� 1) + :::+Ai;nyy(t� ny)

+Bi;0u(t) + :::+Bi;nuu(t� nu)

or user-programmed MATLAB functions im-
plementing fi(�).

� The local model parameters are lumped into
a vector �i.

� The integer parameters ny and nu de�ne the
order of the NARX model.

� The positive de�nite weighting functions
w1; :::; wN will de�ne the relative weight of
the local models at each operating point z.
In practise, these functions will characterize
the model's N operating regimes and satisfy

NX

i=1

wi(z) = 1

for all z. The representation of these function
is described in detail in section 3.3.

� The variables that characterize the operating
regimes, z, are de�ned by a general non-
linear operator H , which in its most general
way can be implemented as a SIMULINK S-
function or block diagram. Hence, H can be



built from a mix of static, discrete-event, and
discrete-time blocks.

3.3 Operating Regimes and Weighting Functions

In ORBIT, the operating regimes and weight-
ing functions are parameterized in terms of axis-
parallel hyper-rectangles with soft edges. This rep-
resentation is fairly general, since the user is free
to select the operator H that de�nes variables z
that characterizes the operating regimes.
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Fig. 4. The regimes are represented as hyper-
rectangles with soft boundaries.

The operating regimes can be viewed as fuzzy
sets which are characterized by their membership
functions �i(z). For example, a 2D axis-parallel
rectangle with soft edges can be represented in
terms of its projections onto the two axes, �i(z) =
�i;1(z1)�i;2(z2), cf. Figure 4. The weighting func-
tion are now de�ned as

wi(z) =
�i(z)PN

j=1 �j(z)

In the ORBIT GUI, it is the projections of the
hyper-rectangles that are visualized and manipu-
lated (except when z is 2-dimensional, when the
rectangles can be explicitly visualized and manip-
ulated).

3.4 Computer Aided Grey-Box Modeling

ORBIT is based on the "computer-aided model-
ing" philosophy, supporting interactive develop-
ment of models by step-wise structure and param-
eter identi�cation algorithms, model validation
tools as well as a GUI for manual model manipu-
lation and entry points for structured knowledge.
ORBIT supports modeling in the gap between the
extremes of automatic data-driven modeling and
completely manual model development.

4. ORBIT FUNCTIONALITY

The main modules of ORBIT, seen as di�erent
windows in the GUI, are illustrated in Figure 5
and will be described in more detail below.

4.1 Parameter Identi�cation Methods

The parameter identi�cation problem consists of
determining the local model parameters. In OR-
BIT it is de�ned as an extended optimization
problem, see (Johansen 1997a). The criterion is
built up from the following components:

� Penalty on mismatch between model predic-
tion (possible multi-step ahead prediction or
simulation) and time-series data (prediction
error). This de�nes the basic criterion found
in many identi�cation tools.

� A regularization penalty, which has the pur-
pose of improving the robustness and re-
move any ill-conditioning of the identi�ca-
tion problem due to an over-parameterized or
poorly identi�able model structure (Johansen
1997b). We have implemented SVD based
inversion of the Hessian, the ridge regression
penalty, and an approximate Tikhonov stabi-
lizer that penalizes non-smooth model behav-
ior (parametric di�erences between neighbor-
ing local models) (Johansen 1996).

� Constraints or penalties due to prior knowl-
edge about parameter values: A parameter
can be totally unknown (no constraints or
penalties), completely known (equality con-
straint), have hard upper and lower bounds
(inequality constraints) or soft upper and
lower bounds (penalty function, can be viewed
as a Bayesian identi�cation method).

� The value of a parameter can be invariant of
the operating point, i.e. the same in all local
models. This is formulated as a set of equality
constraints.

The above mentioned components that form the
criterion are invisible to the user, but built up
automatically from selections in the GUI. ORBIT
contains three basic parameter identi�cation al-
gorithms that can be applied to solve the opti-
mization problem(s) resulting from the data, prior
knowledge and user selections:

� The prediction error method is the most
general method. The PE criterion is de�ned
in terms of a general user-speci�ed criterion
function (not necessarily quadratic), user-
speci�ed prediction horizon, constraints and
penalties as described above, and the con-
str function from the MATLAB Optimiza-
tion Toolbox is used to solve the result-
ing constrained non-quadratic optimization
problem.

� Least squares method. For the special
case when the criterion function is quadratic
(requires one-step-ahead predictor), the op-
timization problem becomes quadratic, and
the constraints are always linear. The qp

function from the MATLAB Optimization
Toolbox is applied to solve the constrained
quadratic programming problem.



Fig. 5. Modeling with ORBIT.

� Rather than de�ning the identi�cation prob-
lem in terms of a single global predictor that
combines the local models, one can de�ne a
separate identi�cation problem for each local
model. Only the data that are relevant in
the current operating regime are applied to
identify the corresponding local model. This
can be implemented as a locally weighted

least squares method when the criterion
function is quadratic. This method has some
interesting properties that are studied in de-
tail in (Murray-Smith and Johansen 1997).

When applying regularization, ORBIT can com-
pute the regularization parameter by optimizing
the bias-variance trade-o� (Johansen 1997b). The
mean squared prediction error (MSE) can be esti-
mated using a separate data sequence or methods
such as the Final Prediction Error (FPE) and
Minimum Description Length (MDL). These well-
known methods are extended to account for the
existence of penalties and constraints in the crite-
rion (Johansen 1997a).

4.2 Structure Identi�cation Methods

The structural parameters of ORBIT models are

� The number of operating regimes, and their
location in the operating space.

� Any integer parameters in the local models,
such as order (nu and ny in the NARX
representation).
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Fig. 6. The model structure tree resulting from
successive operating regime decomposition.

ORBIT supports structural identi�cation of these
parameters on the basis of optimization of statis-
tical criteria based on separate validation data,
FPE or MDL that all estimate the MSE. The set
of model structures de�ned by the possible oper-
ating regime decompositions is viewed as a tree,
Figure 6. In addition, at each node in this tree
there can be integer parameters related to the lo-
cal models. ORBIT allows the user to interactively
explore the model structure tree in Figure 6. User-
speci�ed sub-trees can be searched to the desired
depth. The heuristic search method is described in
detail in (Johansen and Foss 1995) and is based on
(Sugeno and Kang 1988). Working interactively,
the user may keep promising models and validate
and compare them using other methods, such as
simulation and residual analysis. The user can also



manipulate the operating regimes directly in the
GUI or API.

4.3 Model Validation Methods

Model validation is often viewed as a highly
application speci�c problem. This is recognized
in ORBIT, and the model can be made avail-
able to external applications and in the MAT-
LAB/SIMULINK environment as S-functions or
C-code. However, there are some commonly used
validation methods that are supported by ORBIT.
A database of models can be stored in ORBIT,
and selected models can be compared by viewing
simulation/prediction results. Statistical criteria
such as FPE and MDL can be visualized, and
residuals and correlation functions can also be
visualized and analyzed.

4.4 Other functions

Other functions in ORBIT include

� Functions for direct manipulation of operat-
ing regimes, including copy, move, resize etc.

� The softness of the boundaries of the operat-
ing regimes can be speci�ed individually.

� Selection and de�nition of variables that
characterizes the operating regimes, and
their range.

� There are interfaces to general-purposeMAT-
LAB and SIMULINK tools.

� Database management for storing and recall-
ing models.

� The parameters can be visualized as func-
tions of the operating point.

The ORBIT Control Design toolkit (ORBITcd)
(Johansen et al. 1997) supports design of gain-
scheduling-like non-linear controllers on the basis
of ORBIT models.

5. CONCLUDING REMARKS

ORBIT implements much of the current state-
of-the-art in operating regime based modeling
and identi�cation technology including Takagi-
Sugeno-Kang fuzzy models, in a exible and in-
tegrated environment. ORBIT is being actively
used in industrial research projects, e.g. (Hunt et
al. 1996), basic research and education on model-
ing, identi�cation and control methods based on
operating regimes.
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