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Abstract— In this paper we present a non-
linear infinite impulse response (NIIR) model
structure for black-box identification of non-
linear dynamic systems. The proposed model
structure allows the implementation of an iden-
tification algorithm in which the degrees of free-
dom of the Nonlinear Output Error (NOE)
model can be easily increased or decreased dur-
ing the identification process. This property is
very attractive to find the appropriate NIIR
model, avoiding overfitting. This is done us-
ing High Level Canonical Piecewise Linear (HL
CPWL) functions with an increasing (decreas-
ing) grid division. Therefore, the algorithm may
start using a linear estimation of the model. The
parameters of the HL CPWL functions are up-
dated using a simple algorithm based on a mod-
ified steepest descent method with an indepen-
dently adaptive learning rate.

Keywords— Nonlinear identification, NIIR
model, PWL functions.

I. INTRODUCTION

The main problem in system identification is to find a
good model structure. If it allows to go from a linear
model to a nonlinear one during the system identifica-
tion process, it makes this problem much harder since
the set of nonlinear models is richer than the set of lin-
ear ones (Sjöberg and Ngia, 1998). If a nonlinear finite
impulse (NFIR) structure is used, the model order eval-
uation problem may be effectively addressed by using
regularization theory (Poggio and Girosi, 1990). This is
due to the reduction of computational complexity when
using NFIR model structures since they allow consider-
ing more parameters than needed in the identification
algorithm and reducing some of them to zero through
the regularization process. If a Wiener like model struc-
ture is used, an aggregation approach can be easily im-
plemented as in the Korenberg algorithm (Korenberg
and Paarmann, 1991). In the Neural Networks litera-
ture there exist growing and pruning methods to deal
with the size of a Neural Network during the train-
ing process (Haykin, 1994). If NIIR model structures

are used, the problem becomes much more difficult due
to the mathematical complexity and the computational
cost involved in the identification process.

In this paper we present an NIIR model structure
that uses High Level Canonical Piecewise Linear (HL
CPWL) functions to develop a nonlinear output error
(NOE) identification algorithm. The main feature of
this algorithm is its simple mechanism for increasing
or decreasing the model approximation capabilities, re-
taining the approximation achieved when moving from
one grid division to another. In this way, it is possible
to start the identification with a linear approximation
and then increase the model degree of freedom progres-
sively in order to reduce the mismatch up to an accept-
able value. On the other hand, a reduced model may
be evaluated to alleviate overfitting.

The paper is organized as follows. In Section II, we
present the identification algorithm and analyze its ad-
vantages and drawbacks; in Section III we develop an
example of the proposed methodology and finally, in
Section IV we draw some conclusions and comments
about future work. In order to be self-contained, in
Appendix A we give a brief introduction to HL CPWL
functions and their main properties.

II. CPWL IIR IDENTIFICATION

A. From linear to nonlinear

Let us suppose that we want to identify a system given
an output vector y corresponding to an input u. If ỹ
is the estimated vector, let us define

uk = [u1 u2 . . .uk] (1)
ỹk = [ỹ1 ỹ2 . . . ỹk]. (2)

It is well known (see (Sjöberg et al., 1995), for exam-
ple) that a general black-box model is given by

ỹk = f
(
uk, ỹk−1, θ

)

= f (ϕk, θ) , (3)

where ϕk = ϕ
(
uk, ỹk−1

)
is the regression vector and θ

is the vector of parameters associated to the function f
used to approximate the system’s nonlinearity. There-
fore, the model is defined once f and the regression
vector ϕk are chosen.
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