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Abstract

The class of Basis Function Piecewise-affine (BPWA) functions is an ideal model structure
for nonlinear and hybrid system identification. This paper proposes a parameter space
decomposition theorem for BPWA functions. It is proved that any BPWA function has a
decomposed parametric representation, in which the algebraic and geometrical parameters
can be identified separately. Under the assumption of invariant geometrical structure, a
recursive algorithm is proposed to identify the BWPA AutoRegressive Exogenous models
from the input-output data. Two benchmark examples are illustrated to show that the
proposed algorithm has much higher computational efficiency compared with the competing
algorithms with the same identification accuracy.
Keywords: Piecewise affine techniques, system identification, parameter space
decomposition, recursive identification algorithm, hybrid system

1. Introduction
The class of Piecewise-affine (PWA) functions presents an ideal model structure for
nonlinear identification [1, 2]. The PWA functions have a universal approximation capability
for nonlinear systems. This provides a systematical way to solve the nonlinear problems using
the theorems and techniques developed for linear systems. Using the PWA approximation
techniques, the model predictive control (MPC) of nonlinear systems can be formulated as the
multi-parametric programs [3]. The control actions can then be obtained as explicit functions
of plant measurements. This explicit MPC solution extends the conventional nonlinear MPC
into systems with fast dynamics and decreases the hardware implementation cost
significantly.
The PWA functions also play an essential role in the modeling and control of hybrid
systems. It is shown in [4, 5] that the PWA systems are equivalent (under some mild
assumptions) to the mixed logical dynamical (MLD) systems, linear complementarity (LC)
systems, extended linear complementarity (ELC) and max-min-plus scaling (MMPS)
systems. The control schemes developed for one set of systems can be readily generalized to
the other set.
The identification of PWA systems does not have received enough attention until recent
years. The known identification approaches can be classified into two categories: the direct
method and indirect method.
The direct methods identify the affine functions and domain partitions directly. In these
methods, one needs to calculate all the parameter vectors of the local affine functions, and the
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parameter matrices that define the polyhedral regions. Typical direct methods are the
clustering-based method, the bounded-error method, the Bayesian method and the algebraic
method [6-9].
The algebraic method formulates the identification of switched AutoRegressive eXogenous
(ARX) models as an algebraic geometric problem [6]. This method provides a closed-form
solution for deterministic models. For stochastic models, it provides a sub-optimal solution,
which can be used as an efficient initial solution to other iterative approaches. The Bayesian
method treats the parameters of PWA systems as random variables [7]. The data classification
problem is formulated as a problem of Bayes parameter estimation. This problem is
combinatorial in natural. An iterative suboptimal algorithm is then derived, whose efficiency
can be much improved by utilizing the available prior information on the model parameters.
In [8], a bounded-error algorithm is developed, which allows the users to impose a bound on
the prediction error. It estimates a PWA ARX (PWARX) model that satisfies the boundederror condition for all the samples in the estimation data set. In this algorithm, the error bound
is used as a tuning parameter to trade off between the quality of fit and model complexity.
The clustering-based method exploits the fact that the PWA maps are locally affine. The
information about the sub-models can be obtained by clustering the local parameter vectors
[9]. This algorithm combines the techniques of clustering, linear identification, and pattern
recognition. Measures of confidence on the samples are introduced and exploited, which
efficiently improves the performance of both the clustering and the final linear regression
procedure. See [10] for a more detailed description of direct approaches. The direct methods
can deal with the general PWA systems, including the discontinuous ones. Their performance
and computation efficiency have been demonstrated by a wealth of applications. However, a
wide application of the direct methods is limited by the complexity of the description and
online evaluation of a PWA model. Due to the combinatorial natural, the number of
parameters to describe a PWA system can be an exponential function of the number of
polyhedral regions [11]. The memory space required is huge and the online evaluation is
expensive, when a PWA model consists of many polyhedral regions [12].
The indirect methods are developed based on the concept of PWA basis functions [13]. In
an indirect method, the identification parameters are the weights and parameter vectors of the
PWA basis functions [14]. Using a suitable model set, a PWA function with many polyhedral
regions can be described by a small number of PWA basis functions [15]. This presents a
feasible way to deal with the description and online evaluation complexity of continuous
PWA systems.
The canonical Piecewise-Affine (CPWA) representation theorem presents a theoretical
basis to design a PWA model structure. The class of CPWA functions can approximate a
continuous function arbitrarily well with relatively small number of parameters [17-20]. In
1990, Breimann introduces the hinging hyperplane (HH) models. It is proved that the HH
models is essentially another form of the CPWA functions [21]. Roll, Bemporad & Ljung
proposed the Mixed-Integer Programming (MIP) algorithm for optimal identification of
Hinging-Hyperplane ARX (HHARX) models. The identification problem is formulated as a
mixed-integer linear/quadratic program, which can be solved for the global optimum. The
MIP algorithm is limited to small-medium size problems because of its high computational
complexity [1].
In 2005, a PWA basis function (BPWA) representation is proposed to increase the
approximation efficiency of the CPWA functions [22]. Based on this representation theorem,
Wen, Wang, Jin and Ma developed the PWA Basis Function AutoRegressive eXogenous
(BPWARX) models and found successful applications in dynamic system identification and
nonlinear function approximation [23]. A modified Gauss-Newton (MGN) algorithm is
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developed to build the BPWARX models from the input-output data. Although the MGN
algorithm is computationally efficient compared with the competing algorithms, its
identification is formulated as a non-convex optimization problem. Therefore, the efficiency
of this algorithm is limited when dealing with large-scale problems.
This paper proposes a novel parameter space decomposition theorem for the class of
BPWA functions. A recursive PWA (RPWA) algorithm is developed using the assumption of
invariant geometrical structure. The online identification time of the RPWA algorithm is
negligible, and there is no significant loss in precision compared with the MGN algorithm.
The performance of the RPWA algorithm is supported by two benchmark problems.

2. BPWA Functions
2.1 BPWA Basis Function
Definition 1 [24] In R n, a set of points {vi }im0  m  n are said to be in general position
or affinely independent, if no n+1 of them lie in an (n-1)-dimensional hyperplane.
Definition 2

[17]

In R n, a continuous PWA function

B( x)  max{a1T x  b1

 anT1 x  bn1}

(1)

is defined as a BPWA basis function, if the common intersection of each group of t wo
polyhedral regions forms an (n-1)-dimensional manifold in the domain space, and
ai  R n  bi  R with i  1  n  1 .
Fig. 1 shows the domain partition of a BPWA basis function in 2 dimensions. The
domain consists of 3 polyhedral regions, and is spanned by a set of 4 points. It is easy
to see that the intersection of each couple regions is a 1-dimensional manifold.
In R n , a B(x) is uniquely specified by n+2 points {vi }in01 in general position. Let

{xi  yi } be the coordinates of vi  i  0  n  1 . Assume that the point v0 be the common
intersection of n+1 affine functions, i.e.
a1T x0  b1  a2T x0  b2 

 anT1 x0  bn1  y0

(2)

Assume further that the i-th affine function is uniquely specified by the set of n+1
points {v0  v j } with j  1  n  1 j  i and i {1  n  1} . We can get all the coefficients
of affine functions:
[aiT bi ]T  Ai1Yi

(3)

where Ai  [ X1T   X iT1 X iT1  X nT1 ]T , Yi  [ y0   yi 1 yi 1  yn 1]T and X j  [ xTj 1]T with
j  0  n  1 . Meanwhile, we can further get that the equations

aTj xk  b j  yk  j  1

 n  1 j  k

(4)

hold for any {xk  yk } k {1

 n  1} .
Assume that a PWA basis function B(x) is defined over a compact set D  Rn in ndimensions. We can always find n+1 points {vi }in11 at the boundary of D and a point v0
at the interior of D, such that Equation (4) holds. The set of n+2 points {vi }in01 is
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defined as the generating points of B(x). They specify the minimum and maximum
function values of a PWA basis function [22].

Fig 1. Domain Partition of a BPWA Basis Function in 2 Dimensions
2.2 BPWA Approximation Theorem
Definition 3 [20] A function p( x)  Rn  R is defined as a BPWA function, if
M

p( x)  aT x  b    m Bm ( x)

(5)

m 1

where B m(x) is a BPWA basis function, a  R n and b  m  R .
Lemma 1 [17] Let f(x) be a sufficient smooth function. There must exist a M>0, such
that for any positive integer c B, there exist a BPWA function p(x) with M basis
functions, such that
 p( x)  f ( x) 

cB
M

(6)

with cB  cB  f ( x)  is a functional of f(x), and    denotes a norm on .
Lemma 1 provides the theoretical foundation of using the BPWA functions in
nonlinear approximation and dynamic identification.

3. Parameter Space Decomposition Theory of BPWA Functions
In this section, the parameter space decomposition theory is first developed for a
single BPWA basis function. It is then generalized to the class of BPWA functions.
Lemma 2 Any BPWA basis function B( x) : D  R has a unique decomposed
parametric representation
B( x)   T x     max 0, 1T x  1

  nT x   n 

(7)

where
max 0, 1T x  1
xD

  nT x   n   1

(8)

with   Rn    R   R specifies functional values at generating points in the range
space, and i  Rn  i  R defines the domain partition of B(x) in the domain space.
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Proof. Let B(x) be a BPWA basis function generated by a set of n+2 generating
points {xi  yi }in01 . Without loss of generalization, we assume that the first n+1 points
{xi  yi }in0 specify the (n+1)-th local affine function (See Fig. 1 for a 2-dimensional
case). This implies that
 T x   n 1
i0 n

(9)
max{1T xi  1    nT1 xi   n 1}   n T1 i

x


i

n

1

j

{1


n
}

j
i
j


Combining (7) and (9), we have
 T x0     ( nT1 x0   n 1 ) 













y0

(10)

 T xn     ( nT1 xn   n 1 )  yn
 T xn 1    ( Tj xn 1   j )  yn 1

Rewrite (9) into the matrix form, we can get
x

1  nT1 x0   n 1 

x
x

1  nT1 xn  
1  Tj xn 1  

 T
 0




 T
 n

 T
 n 1






n 1 


j 



 y0 

  

   


   y 
n


    y 
 n 1 

(11)

Using elementary row operations, we have
x

1  nT1 x0   n 1 

x
x

1  nT1 xn  
1  Tj xn 1  

 T
 0




 T
 n

 T
 n 1






n 1 


j 















1

 nT1 x0   n 1

 x0 

0

0

 xn1 x0 

0

x0T

x

n

T

T



  n 1  xn 1    j  
T

j













n 1 

(12)



It follows that
x0T

1

 nT1 x0   n 1

 x0 

0

0

 xn1 x0 

0

x0T

1  nT1 x0   n 1

xnT 1  nT1 xn   n 1
xnT1 1  Tj xn 1   j



x

n

T

T



  n 1  xn 1    j   n 1 

(13)

T

j

T
 1  j   n 1  xn 1    j   n 1  



x

 x0 

x

 x0 

1

n

T

T

x

 x0 

x

 x0 

1

T

Note that the points {xi  yi }in0 are in general position. We have

 0 . It
n

T

follows from Definition 3 that  j   n1  xn1    j  n1   0 . It immediately leads that the
T
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coefficient matrix in (11) is nonsingular. Therefore, if the coefficients of affine
functions i , i in11 of B(x) are known, there always exists one and only one set of
[ T     ]T , such that the set of linear equations of (9) are satisfied.

Equation (9) can be further decomposed into n+2 sets of equations
 T x0    y0


 T
 xn    yn
 T x      y
n 1
n 1

1T x0  1  0
 T
1 x2  1  0


 T x    1
1
 1 n 1

j 1

 Tj x0   j  0


 T x    0
j
 j j 1
 T
 j x j 1   j  0


 Tj xn 1   j  1


j  2,

 nT1 x0   n 1  0


 T x    0
n 1
 n 1 n

(14)

(15)

n

(16)

j  n 1

(17)

Equation (15-17) specifies the coefficients  i , i i 1 . The values of i, βi , are
n 1

independent from the function values at generating points { yi }in0 . They only define the
boundaries of different polyhedral regions in the domain space. For example,
1T x  1   2T x  2 defines a boundary between polyhedral region R 1 and R 2. It follows
from Equation (17) that n+1=0, β n+1=0. Then max 0, 1T x  1   nT x  n  is defined as
the standard form of the BPWA basis function B(x), where  i , i i 1 are defined as the
geometrical parameters of B(x). In addition, it is also implicitly defined in Equation
(15-17) that 0  max 0, 1T x  1   nT x  n   1.
n

xD

Equation (14) specifies the coefficients [ T     ]T , which are directly calculated from
function values at generating points { yi }in0 . This implies that , β, uniquely specify
the function value of a B(x) at the generating point in the range space. Then the
coefficients , β, are defined as the algebraic parameters of the BPWA basis function
B(x). It should be noted that , β,  has no effect on the domain partition of a PWA
basis function.
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Now we have proved that for any BPWA basis function, there exist one and only
one set of algebraic parameters [ T     ]T and geometrical parameters i , i in0 , such
that Equation (7) holds. This completes the proof of Lemma 2. 
Let B1 ( x)  max{a1T x  b1  anT1 x  bn1} and B2 ( x)  max{a 1T x  b 1  a Tn1x  b n1} be two
BPWA basis functions. Assume that B1(x), B 2(x) are defined over the same domain
partition. According to Lemma 1, we have the decompositions
B1 ( x)   T x     max{0,1T x  1

  nT x   n }

(18)

B2 ( x)   T x     max{0, 1T x  1

  nT x  n }

(19)

It follows that the equation
B ( x)  k1B1 ( x)  k2 B2 ( x)
 (k1  k2 )T x  (k1  k2  )  (k1  k2 ) max{0, 1T x  1

  nT x   n }

(20)

holds for any k 1 , k 2 R. It is easy to see that the linear combination of two BPWA basis
functions can be reduced as the weighted sum of their algebraic parameters, if they
share the same set of geometrical parameters.
If B 1(x), B 2(x) are defined over different domain partitions, we can get
B1 ( x)   T x     max{0, 1T x  1

  nT x  n }  0 max{0,  1T x   1

  Tn x   n}

(21)

B2 ( x)   T x    0 max{0, 1T x  1

  nT x  n }   max{0,  1T x   1

  Tn x   n}

(22)

It immediately follows that
Bˆ ( x)  k1 B1 ( x)  k2 B2 ( x)
 (k1  k2 )T x  (k1  k2  )
 k1 max{0, 1T x  1 

(23)

  nT x   n }  k2 max{0,  1T x   1

  Tn x   n}

In (23), there are two kinds of calculations. The first one is the weighted sum of the
algebraic parameters, which is introduced by the linear combination of B1(x) and B2(x).
The second is the superposition of the domain partitions, which is produced by two sets
of different geometrical parameters. This implies that the two terms
max{0, 1T x  1   nT x  n } and max{0,  1T x   1   Tn x   n} defines the polyhedral
partitions of Bˆ ( x) in the domain space. The geometrical domain partition is closed to
addition and scalar multiplication. It leads that the domain partition of
k1 max{0, 1T x  1

  nT x  n }  k2 max{0,  1T x   1

  Tn x   n}

(24)

is exactly the same with that of
max{0, 1T x  1

  nT x  n }  max{0,  1T x   1

  Tn x   n}

(25)

Here it is shown that the algebraic and geometrical parameters of the BPWA basis
functions follow different calculation rules. This conclusion can be generalized to the
BPWA functions.
Theorem 1 Any BPWA function has a unique decomposed parametric representation
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p( x)   T x      m max 0,  mT 1 x   m1

  mT n x   mn 

M

m 1

(26)

defined
over
a
compact
set
DR n,
where
max 0, 1T x  1   nT x   n   1 ,      m are algebraic parameters, and  mi  mi are
p ( x) : D  R

if

is

xD

geometrical parameters with i  1  n  1 , m  1  M .
Proof. A BPWA function is formulated as a weighted sum of M BPWA basis
functions and an affine function. Using Lemma 1, we have that the decomposition
Bm ( x)   mT x  m   m max{0,  mT 1 x  m1

  mT n x  mn }

(27)

holds for any m {1  M } . It follows that
M

p( x)  aT x  b   Bm ( x)
m 1

(28)

M

 aT x  b    mT x   m   m max{0,  mT 1 x   m1
m 1

  mT n x   mn }

By defining   a   m1  m and   b   m1  m , we can obtain
M

M

M

p( x)   T x      m max{0,  mT 1 x   m1
m 1

  mT n x   mn }

(29)

Note that a b  m  m are algebraic parameters. Their affine combinations also specify
the function values of p(x) in the range space. Then      m are also algebraic
parameters. Meanwhile, the superposition of max{0,  mT 1 x  m1   mT n x  mn } produces
the polyhedral partitions in the domain space. Therefore,  m   m m1 are the geometrical
parameters. Here it is proved that any BPWA function has a parametric decomposition
representation.
Theorem 1 shows that the parameter space of a BPWA function can be decomposed
into two subspaces: the algebraic and geometrical parameter spaces. The parameters in
the algebraic subspace have no effect on the geometrical structure of a BPWA function
in the domain. Meanwhile, the parameters in the geometrical subspace do not change
the function values of a BPWA function in the range space.
M

Corollary 1 The BPWA basis functions with the addition and scalar multiplication
operations define a linear space, if they are defined over the same domain partition.
Proof. According to Theorem 1, the BPWA functions over a fixed domain partition
share the same set of geometrical parameters, i.e.
M

p( x)   T x      m max{0,  mT 1 x   m1
m 1

where  mi  mi are constants with m  1

  mT n x   mn }

 M and i  1  n  1 .

Denote p( x)  p( x  ) with   {     1   M } . The follow equations
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p( x  k11  k2  2 )
M

 (k11  k2 2 )T x  (k11  k2  2 )   (k1 m1  k2 m2 ) max{0,  mT 1 x   m1 
m 1

  mT n x   mn }

(31)

 k1 p( x  1 )  k2 p( x   2 )

hold for any k1 k2  R . In addition, it is trivial to verify the other properties of a linear
space, e.g. p( x  0)  0 . Therefore, the set of BPWA functions spans a linear space, if
their domain partitions are defined by the same set of geometrical parameters. 
It follows from Corollary 1 that the BPWA functions on the same domain partitions
present a pseudo-linear model structure. This feature can facilitate the design of an
efficient identification algorithm.

4. Recursive Identification of PWA Systems
4.1 BPWARX Model [17]
We define the following BPWA ARX (BPWARX) model
M

y (t )   T  (t )      m Bm ( (t ) )   (t )

(32)

m 1

where Bm ( (t ) )  max 0,  T (t )m1   T (t )mn  and mi  R n1 are the coefficients,
y(t )  R is the measured output,  (t )  R is the error term, and t is the sampling time.
Here (t) is the regression vector consisting of previous inputs and outputs

 (t )  [1 y(t 1)  y(t  na ) u(t  1)  u(t  nb )]T

(33)

4.2 Change of Regression Vector
Given a BPWARX model with M BPWA basis functions. Assume that the
geometrical structure is invariant. This implies that the geometrical parameters are kept
constant. The set of M BPWA basis functions generates a nonlinear map g   (t )   (t ) ,
where

 (t )  [ T (t ) B1 ( (t ))  BM ( (t ))]T

(34)

Although the relationship between y(t) and (t) is nonlinear, the map is linear
between y(t) and (t), i.e.
y(t )  f ( (t ) )   g ( (t ) )   (t )

(35)

where ,  are the geometrical and algebraic parameters, respectively. Under t he
assumption of an invariant geometrical structure, the identification of  is reduced to a
least square regression problem.
4.3 Recursive Identification Algorithm
The RPWA algorithm is based on the assumption that the geometrical structure of a
BPWARX model can be accurately identified off-line, and it is invariant in the online
process. In the off-line stage, the geometrical structure of a BPWARX model is
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identified using the MGN algorithm [14]. In the online stage, the recursive least square
method is utilized for the identification of algebraic parameters. The main steps of this
proposed algorithm are summarized as follows:
1) Off-line stage:
a) Generate the input-output data {u(t ) y(t )}Tt11 for off-line identification;
b) Identify the algebraic and geometrical parameters of a BPWARX model using
the MGN algorithm [17], i.e.

p( x)  f ( (t )ˆ ˆ)
c) Fix the geometrical parameters ˆ , and use (35) to calculate (t);
d) Calculate initial values: ˆ(0)  ˆ , P(0)  [T ]1 with   [ T (1)   T (T1 )]T .
2) On-line stage:
a) Run the recursive least square method to identify the algebraic parameters ˆ (t ) ,
K (t  1) 

P(t ) (t  1)
1   (t  1) P(t ) (t  1)
T

P(t  1)  [ I  K (t  1) T (t  1)]P (t )

(36)

ˆ (t  1)  ˆ (t )  K (t  1)[ y (t  1)   T (t  1)ˆ (t ))]
where I is an identity matrix of proper size.
The main advantage of this algorithm is its high speed of online applications. This
facilitates the design of computationally efficient algorithms to identify the time variant
systems. The RPWA algorithm can also find promising applications in the adaptive
control of nonlinear and hybrid systems.
The accuracy of the RPWA algorithm is also dependent on the geometrical
parameters from the off-line calculation. Generally speaking, if the number of BPWA
basis functions is big enough, the BPWARX model will consist of many degrees of
freedom in its geometrical structure. It can then be flexible enough for general
nonlinear systems.

5. Numerical Examples
Example 1: Consider the following nonlinear dynamic system
y(t  1) 

y(t ) y(t  1) y(t  2)u(t  1)( y(t  2)  1)  u(t )
1  y(t  1)2  y(t  2)2

(37)

This system belongs to a set of benchmark problems [25], and is also studied in [26,
27].
As the estimation data, the input u(t )1  t  400 is generated using a random signal
uniformly distributed in the interval [-1, 1]. In the RPWA algorithm, the first 200 data
are utilized in the off-line stage, while the rest are for the online identification. By
comparison, the MGN algorithm uses the set of 400 data to fit model parameters.
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The validation data set is generated with the input signal
sin(2 t  250)
401  t  500

u (t )  
08sin(2 t  250)  02sin(2 t  25) 501  t  800

(38)

The algorithm’s performance is evaluated using the Variance-Accounted-For (VAF),
i.e.
 var ( y (t )  yˆ (t )) 
VAF  max 1 
 0  100%
var ( y (t ))



(39)

where var(·) denotes the variance of signals, y(t) and yˆ(t ) are the system and model
output,
respectively.
In
this
example,
the
regression
vector
is
 (t )  [1 y(t 1) y(t  2) y(t  3) u(t  1) u(t  2)]T .
Table I summarizes the predicted results of the BPWARX models using different
identification methods. Here M and I denote the number of BPWA basis functions and
off-line training epochs. off and on are the online and off-line calculation time,
respectively. The one-step-ahead predictions are shown in Fig. 2 and Fig. 3. In this
example, these two algorithms have roughly the same accuracy according to the VAF
value. However, the online calculation time of the RPWA algorithm is negligible
compared with the training time of the MGN algorithm. Therefore, the RPWA
algorithm has high online computational efficiency without significant loss in
identification precision.
Table I. Simulation Results of Different Algorithms
RPWA Algorithm
MGN Algorithm

M
10
10

I
2000
2000

off

on

159.3
316.2

0.08
-

VAF
98.6%
99.0%

Fig. 2 True (solid) and Simulated (dashed) Outputs for System (37) using
RPWA Algorithm
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Fig. 3 True (solid) and Simulated (dashed) Outputs for System (37) using MGN
Algorithm
Example 2: Consider the Agrawal bioreactor benchmark problem in nonlinear
process identification [28, 29]. It is described by the following discrete-time equations
 x1 (t  1)  x1 (t )  T  x1 (t )u (t )  x1 (t ) 1  x2 (t )  e x2 (t )  



1 

x ( t ) 
 x2 (t  1)  x2 (t )  T  x2 (t )u (t )  x1 (t ) 1  x2 (t )  e 2 

1    x2 (t ) 



y (t )  x1 (t )  u (t )


(40)

where β = 0.02,  = 0.48 and T is the sampling time constant. The states x 1(t) and x 2(t)
are dimensionless quantities and only x1(t) is measurable.
The input signal is a multi-step signal with steps of 400 time units and a random
magnitude between 0 and 0.6 from a uniform distribution. A set of 800 samples are
generated, in which the first 600 data are used for identification and the rest for
validation. In the RPWA algorithm, the first half of data are used in off -line training,
while the second half in the online updating. The regression vector used is

 (t )  [1 y(t 1) y(t  2) u(t 1) u(t  2)]T
Fig. 4 shows the output of the BPWARX model using the RPWA algorithm on the
validation data set. For comparison, Fig. 5 visualizes the output of the same model
using the MGN algorithm. The simulation results are summarized in Table II. This
example also shows that the RPWA algorithm has much higher computational
efficiency than the MGN algorithm with the same accuracy.
Table II. Simulation Results of Different Algorithms
RPWA Algorithm
MGN Algorithm

34

M
15
15
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Fig. 4 True (solid) and Simulated (dashed) Outputs for System (40) using
RPWA Algorithm

Fig. 5 True (solid) and Simulated (dashed) Outputs for System (40) Using MGN
Algorithm

5. Conclusions
This paper proposes a novel parameter space decomposition theorem for the class of
BPWA functions. A RPWA algorithm is developed for dynamic system identification.
This algorithm identifies the geometrical parameters offline simultaneously and the
algebraic parameters online recursively. The RPWA algorithm has much higher
computational efficiency and similar identification precision when compared with the
modified Gauss-Newton algorithm. Due to the recursive nature, the RPWA algorithm is
anticipated to find successful applications in the identification of time -variant systems
and the adaptive control of nonlinear systems.
Further researches are necessary to extend the parameter space decomposition
theorem into the class of general PWA functions. The generalized theorem is promising
to be used in the identification and control of hybrid systems [30-32].
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