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An efficient two-level model identification method aiming at maximising a model's generalisation
capability is proposed for a large class of linear-in-the-parameters models from the observational data.
A new elastic net orthogonal forward regression (ENOFR) algorithm is employed at the lower level to
carry out simultaneous model selection and elastic net parameter estimation. The two regularisation
parameters in the elastic net are optimised using a particle swarm optimisation (PSO) algorithm at the
upper level by minimising the leave one out (LOO) mean square error (LOOMSE). There are two elements
of original contributions. Firstly an elastic net cost function is defined and applied based on orthogonal
decomposition, which facilitates the automatic model structure selection process with no need of using a
predetermined error tolerance to terminate the forward selection process. Secondly it is shown that the
LOOMSE based on the resultant ENOFR models can be analytically computed without actually splitting
the data set, and the associate computation cost is small due to the ENOFR procedure. Consequently a
fully automated procedure is achieved without resort to any other validation data set for iterative model
evaluation. Illustrative examples are included to demonstrate the effectiveness of the new approaches.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

A large class of nonlinear models including some types of
neural networks can be classified as linear models which include
statistically linear or linear-in-the-parameters models [1,2]. These
models have provable learning and convergence conditions and
are well suited to be used for adaptive learning. They are amenable
to parallel implementations, and have clear applications in many
engineering applications [3-5]. A basic principle in practical non-
linear data modelling is the parsimonious principle that ensures
the smallest possible model for the explanation of the observa-
tional data. For linear models, the forward orthogonal least
squares (OLS) algorithm efficiently constructs parsimonious mod-
els [6,7], and has been a popular tool in associative neural
networks such as fuzzy/neurofuzzy systems [8,9] and wavelet
neural networks [10,11]. The algorithm has also been utilised in
a wide range of engineering applications, e.g. aircraft gas turbine
modelling [12], fuzzy control of multi-input multi-output (MIMO)
nonlinear systems [13], power system control [14] and fault
detection [15].

The main purpose of model construction is to produce good
generalisation (capability to approximate system output for new
input data that are not used in estimation), through two important
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aspects in system identification, i.e. choosing parsimonious model
structure and deriving robust model parameter estimates for a
smooth prediction surface (e.g. parameter control via regularisa-
tion). Fundamental to the evaluation of model generalisation
capability is the concept of cross-validation (CV) [16], which can
be used either in parameter estimation (e.g. tuning regularisation
parameter [17,18], forming new parameter estimates [19]), or to
derive model selection criteria based on information theoretic
principles [20], which regularises model structure in order to
produce parsimonious models, since a parsimonious model is
favoured by these criteria. The regularisation assisted OLS (ROLS)
approaches have been proposed based on minimising the leave
one out criteria for regression, classification and probability
density estimation [21]. In particular each radial basis function
(RBF) unit has a tunable centre vector as well as an adjustable
diagonal covariance matrix [21]. Specifically, at each forward
regression stage of the model construction procedure one RBF
unit's centre vector and diagonal covariance matrix are optimised
using a particle swarm (PSO) algorithm. The PSO [22,23] consti-
tutes a population based stochastic optimisation technique, which
was inspired by the social behaviour of bird flocks or fish schools.
The algorithm commences with random initialisation of a swarm
of individuals, referred to as particles, within the specific pro-
blem's search space. It then endeavours to find a globally optimum
solution by gradually adjusting the trajectory of each particle
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towards its own best location and towards the best position of the
entire swarm at each optimisation step. The PSO method is
popular owing to its simplicity in implementation, ability to
rapidly converge to a “reasonably good” solution and to “steer
clear” of local minima. It has been successfully applied to a wide
range of optimisation problems [24-28].

Regularisation methods are developed to carry out parameter
estimation and model structure selection simultaneously [29,30].
It has been shown [31,32] that the parameter regularisation is
equivalent to a maximised a posterior probability (MAP) estimate
of parameters from Bayesian viewpoint by adopting a Gaussian
prior for parameters. The regularisation [17,18] uses a penalty
function on 2 norms of the parameters. From the powerful
Bayesian learning view point, a regularisation parameter is equiva-
lent to the ratio of the related hyperparameter to the noise
parameter, lending to an iterative evidence procedure for solving
the optimal regularisation parameters [29,32]

Alternatively the model sparsity can be achieved by minimising
the I' norm of the parameters. The I' norm minimisation is
fundamental to the basis pursuit or least absolute shrinkage and
selection operator (LASSO) [33,34]. The least angle regression
(LAR) procedure [35] is developed for solving the problem effi-
ciently. The Bayesian interpretation for LASSO is simply by adopt-
ing an Laplacian prior for parameters. The advantage of LASSO is
that it can achieve much sparser models by forcing more para-
meters to zero, than models derived from the minimisation of the
IP norm, as most I’ norms will produce small, but nonzero, values.
Unfortunately introducing nondifferentiable I' norm in the cost
function brings difficulties of model parameter estimation and
finding an appropriate I' regulariser.

Another disadvantage of using I' optimisation is that a group of
correlated terms cannot be selected together, which is not desir-
able for the sake of interpretability of the model in some applica-
tions. On the other hand, the use of I> will improve model
generalisation, but cannot be used for model selection by itself.
Combining a locally regularised orthogonal least squares (LROLS)
model selection [36] with D-optimality experimental design
enhances model robustness [31].

Recently a promising concept of the elastic net (EN) has been
proposed by minimising the I' and I*> norms of the parameters
together [30]. The EN keeps the model sparsity of LASSO, while
strongly correlated terms tend to be in or out of the model
together. It is shown that the elastic net problem can be trans-
formed into an equivalent LASSO problem on an augmented data,
based on which the LAR procedure is applicable, referred to as
LARS-EN [30]. Note that because there are two regularisation
parameters in the elastic net, the cross validation has to be
performed over a two-dimensional space. The tenfold cross
validation was used in the choosing two regularisation parameters
by searching over a grid of I> norm regularisation parameter
values. Then for each setting of the > norm regularisation para-
meter, the algorithm LARS-EN produces the entire solution path of
the elastic net, which is used to select I' norm regularisation
parameter by tenfold CV. Clearly this may not yield the optimal
parameters if the grid search is set at a coarse level, but increasing
the grid search at a very fine level would inevitably increase the
computational cost. It would be desirable that the two regularisa-
tion parameters can be optimised simultaneously based on cross
validation as well as in an efficient manner.

In this paper we propose an efficient model identification
method aiming at maximising a model's generalisation capability.
The paper contains two elements of novel contribution. Firstly an
elastic net cost function is defined and applied based on orthogo-
nal decomposition, which facilitates the automatic model struc-
ture selection process with no need of using a predetermined error
tolerance to terminate the forward selection process. Secondly an

original derivation of analytical evaluation of LOOMSE is presented
based on the resultant ENOFR models without actually splitting
the data set. Consequently a fully automated procedure is achieved
without resort to any other validation data set for iterative model
evaluation. The algorithm has a two level structure. At the upper
level, the two regularisation parameters in the elastic net are
optimised using PSO by minimising the LOOMSE. At the lower
level are the simultaneous model selection and elastic net para-
meter estimation. Illustrative examples are included to demon-
strate the effectiveness of the new approaches.

2. Preliminaries

Consider the general nonlinear system represented by the
nonlinear model [37]:

y(k) =f(x(k)) +e(k), M

where x(k) e R™ denotes the system input vector and y(k) is the
system output variable, respectively. e(k) is the system white noise
and f(e) is the unknown system mapping. The system model (1) is
to be identified from an observation data set Dy = {x(k),y(k)}g:1
using some suitable functional which can approximate f(e) with
arbitrary accuracy. One class of such functionals is the kernel
regression model of the form:

ny
y(k)y =y k) +e(k) = '21 01 (x(k) +e(k), )
i=
where y(k) denotes the model output, 6; are the model weights,
¢i(x(k)) are the regressors, and ny, is the total number of candidate
regressors or model terms.
By letting ¢; = [¢h;(X(1))---p;(x(N))]", for 1 <i < ny, and defining

¥
y=| i |, ®=[p;-¢y])
Y(N)
91 e(l)
O=| : |, e=| : |, 3)
On,, e(N)
the regression model (2) can be written in the matrix form
y=®>0+e. 4)
Let an orthogonal decomposition of the matrix d be
®=WA, (5)
where
1 ajp - aip,
o 1 - :
A= ’ 6
: o Ay —1ny ©
0 0 1
and
W = [W;...Wy,,] (7)

with columns satisfying w/'w; = 0, if i  j. The regression model (4)
can alternatively be expressed as

y=Wg-+e, ®

where the orthogonal weight vector g=|g; ---gnM]T satisfy the
triangular system A@ =g, which can be used to determine model
parameters 0, given A and g.
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3. Automatic kernel regression model construction algorithm
using ENOFR assisted by PSO

3.1. Elastic net orthogonal forward regression

For any fixed positive A; and A,, the naive elastic net (NEN)
criterion is defined as [30]

L(A1,42,0) = ly — @O + 22 11011* + 21 1101] )

where llell denotes Euclidean norm, and [|@|; =X™ ,|6;l. The
naive elastic net estimator is the minimiser of

Oney = arg Hgﬂ{l-(/h,/lz,a)} (10

This can be transformed into an equivalent LASSO problem on an
augmented data, based on which the LAR procedure is applicable,
referred to as LARS-EN [30]. The EN has some desirable properties,
as it maintains the model sparsity of LASSO, but not as aggressive
as LASSO in excluding correlated terms in the model. This is
because these terms tend to be in or out of the model together as a
result of the I> norm regularisation [30]. Note that there is no
analytical solution to (10) unless the model terms are orthogonal.
The key to the proposed concept of ENOFR is to consider the
following orthogonal elastic net (NEN) criterion based on (8)

Le(A1, 22, 8) = ly —WglI> + A2 lIgl1* + A1 11gll1 1)

The naive elastic net solution for g is obtained by setting the
subderivatives dL./og = 0, that is,

W'y —%1 sign(g) = (W'W+ AL Dg. (12)

where I is an identity matrix of appropriate dimension and
sign(g) = [sign(g,), ..., sign(g,, )", where

=1 if s>0
sign(s){ = —1 ifs<0 (13)
e[—l, 1] if s=0

Multiplying 2g” to both sides of (12) yields
28"W'y - 41 liglhh = 28" (W W+ A, Dg. (14)
Substitute (14) into (11) to yield

Le(A1,22.8) =Yy — 28" W'y + g" W' Wg + 1, |1g11* + A1 ligll1
=y'y-g'Wwg-1,g|? (15)
Normalising by yy,

Le(h1,42,8)/(y'y) =1~ g“l(w,fw,»+Az)(g§”5”>)2/(yfy>. (16)

where the superscript ") denotes the naive elastic net solution.
The elastic net error reduction ratio is defined by

[eNerr]; = W] wi+ )@Y /(y'y), i=1,...ny (17)

where gI(NEN), i=1,...ny are the solution of (12), given by

gNEM <W;VV5,"NJri/12 (15) _wiT—/\l/:r 1/ er b) +sigrx(g,(-”s)) (18)

with g = wy/w/w; and

Z+:{z ?fz>0 19)
0 ifz<0

Based on this ratio, significant regressors can be selected in a
forward regression procedure. From (17) and (18) it is obvious that,
the terms that are selected into the model using the proposed
algorithm, and the associated parameter values, are affected by the
values of 4; and A,. Using a simple example we further analyse this
effect. A model is to be constructed by three candidate regressors

AP

S =0 , h=0
> WA, A.=0

»° Y WE B P

Fig. 1. An illustration of elastic net orthogonal forward regression.

with the same magnitude, ¢, ¢,, @5, as shown in Fig. 1, in which
we compare three cases; (i) 41 =0, 4, = 0; (ii) 4; # 0, 4, = 0; and (iii)
A1 #0, A #0. The following observations can be noted about the
first two forward regression steps;

® For the first forward regression step, if A; =0, 1, =0, then the
resultant model based on [eNerr]; for model term selection is
equivalent to selecting the model term which can produce the
largest projection by y, or the most correlated term to y.

® In all cases, ¢, is selected from three candidate regressors at
the first step, because it produces the highest value of [eNerr];.

® At the first forward regression stage, the effects of any nonzero
A1 and A, are that the explained output variance by the first
selected regressor is reduced in comparison with a model using
the least square parameter estimate g‘lls’, because it can be seen
from (18) that the magnitude of g(lNEN) is reduced by scaling due
to A, followed by thresholding due to A;.

® After the first regression step, let the remainder of the output
vector be denoted by y. The second forward regression step is to
select more significant regressor between ¢, and ¢, based on y".

® For the second forward regression step, if A; =0, 1, =0, then ¢,
will be selected, because the resultant model by using [eNerr], for
model term selection would be equivalent to selecting the model
term which can produce the largest projection by y.

® |t can be seen from Fig. 1 that values of A; and A, affect the
direction of y(). As a result, ¢», may no longer produce the largest
projection by y, and it is possible that ¢b; is selected as the
significant regressor in the second forward regression step, not ¢b,.

The automatic model term selection property of naive elastic net is
also explained as follows. Note that for 4; = 0, [eNerr]; becomes the
model term selective criterion, the regularised error reduction
ratio [rerr];, as defined in [38]. In order to produce a sparse model
containing n; (<ny) significant regressors, a chosen tolerance &
(0<&<1) needs to be preset, and the selection process is
terminated at the ngth stage when

1- %S: [rerr], < & (20)
1=1

is satisfied [38]. However using elastic net orthogonal forward
regression (4; > 0), there is no need of setting £. This is because
the cost function contains sparsity inducing I' norm so that some
parameters will be zeros and [eNerr]; can return exact zero values
during the selection process. The model selection is terminated at
the (ns+1)—th stage when [eNerr], ,; =0, producing a sparse
model containing ns (<ny) significant regressors automatically.
The naive elastic net orthogonal forward regression (ENOFR)
algorithm based on the modified Gram-Schmidt scheme is given
in Appendix A, for a given A = [, 4,]".
Finally the elastic net (EN) parameter estimate is defined by

o _ ( 15| _ 42

(LS)
w!w;

1

) sign(g;") (¢2))
N
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which produces the elastic net parameter estimates for the ng
term model selected using the algorithm of Appendix A. This step
inflates g™ by the original shrinkage amount (W/w;+1,)/ w/w;
and aims to overcome the double shrinkage problem of naive
elastic net estimator [30]. This means that the effect of I> norm
regularisation to parameter estimation is undone by this step,
which is helpful to reduce bias in the naive elastic net estimator
which could be too large.

We point out that as this rescaling step happens after the
model terms selection so the existence of A, has an impact on
model structure compared with the case of A, =0, e.g. using the
previous example, a two term model could be composed by ¢,
and ¢, for 1, = 0, but by ¢b; and ¢, for 4, # 0. The effect of I> norm
regularisation in selecting groups (correlated terms) was analysed
[30]. For our proposed algorithm, the analysis to the first two
regression steps can be extended to any regression steps. As a
result of combined effect of 4, and A,, the explained output
variance by selected regressors at earlier regression steps are
reduced in comparison with a model using the least square
parameter g\. Effectively this would allow the model output to
be further explained by other regressors, that are correlated to
previously selected regressors, to enter the model at later stages.
Therefore the proposed algorithm has a similar effect to the
original elastic net, of keeping correlated terms in the model,
which is advantageous in that less variable models could be
produced to provide physical insights on the causal relationships
of the systems from large data sets [30].

3.2. Choosing regularisation parameters by optimising the LOOMSE
using PSO

Cross validation criteria are metrics that measure a model's
generalisation capability. To optimise the model generalisation
capability, the model selection criteria are often based on cross-
validation [16,39]. Due to its simplicity, a popular version of cross-
validation is the so-called leave one out (LOO) cross validation. It is
also known that LOO is inconsistent [40]. That is, the probability of
selecting the model with the best predictive ability does not
converge to one as the total number of data samples approaching
infinity. Some theoretical and empirical comparisons for model
selection using different cross validation schemes are discussed
[41,42].

Consider the general model selection problem from a set of K
predictors due to models produced using different setting of
regularisation parameters of A indexed by j=1,2,...,K. Denote
these predictors as y;(k) if they are identified using all N data
points. The idea of LOO is that, for any predictor, each data point in
the estimation data set Dy is sequentially set aside in turn, a model
is estimated using the remaining (N—1) data, and the prediction
error is calculated based on the data point that was removed. That
is, for k=1, ...,N, the jth model (Vj) is estimated by removing the
kth data point from the estimation set. The output of the model
based on (N—1) data points (with the kth data point removed) is
denoted by jlj(-fk)(k), and the LOO prediction error is calculated as

ef (k) =y ~y; (k) (22)

Finally the leave one out mean square error (LOOMSE) is obtained
by computing the average of all these prediction errors as
J(A) = E[[e‘~ P (k)1]. The regularisation parameter vector associated
with the minimal LOOMSE is chosen, i.e.

Aom=arg{n}in{1a>=,1, » el PP, w’}} 23)

k=1

and the resultant model is selected.

The above illustrates the concept of the leave one out cross-
validation procedure, which seems to be computationally expen-
sive. However, if f(e) is modelled using linear models via least
square method, there is an elegant way to generate LOOMSE [43],
without actually sequentially splitting the estimation data set by
using the Sherman-Morrison-Woodbury theorem [43]. In the
following we show that LOOMSE based on the proposed ENOFR
estimator can also be evaluated efficiently without actually
sequentially splitting the estimation data set.

From (12) and (21), the elastic net parameter estimator based
on a specified A using N data points can be represented by

g =H" (WTy —% sign(g(E”))> (24)
where H=W'W. The model residual is
e(k) = y(k) — () w(k)

=0 (YW~ sign@™) ) 'wik) 25)
If the data sample indexed at k is removed from estimation data

set, the leave one out elastic net parameter estimator obtained by
using only (N —1) data points is given by

gEN.~b _ [H(- b1
(W rrych - Slsigng ) 26)

in which HP =wW-b'w-b Wb and y(-b denote the
resultant regression matrix and output vector respectively. The
leave one out error evaluated at k is given by

e~ Vi) =yl — g™~ 1wk

=y(k)— ([y‘*“]Tw("‘) —%{sign(g(f”~*“>]T)

<[H 07~ Twik) 27
It can be shown that
H Y = H-w(w’ (k) (28)
[y OIWER =y W —yiow! (k) (29)

Applying the matrix inversion lemma to (28), yields
H Y1 =H-wiow! (k]
1 H 'wiow! (oH !

=H - v 7 30
* 1—-wT(H 'w(k) 0

and
o H ™ 'w(k)
HCO1- Twk) = - 31
[ 17wk 1—wT(H 'w(k) ©h
Substituting (29) and (31) into (27), yields
e~V =y(k) — (yTw—y(k)wT(k)—%[sign(g@”’-’°>]T>
. H ™ 'w(k)
1—wT(kH~ 'w(k)
Y00~ (y"W 21 [sign(g®—)T)H 1wk
= 2 (32)

1—wT(kH ™~ 'w(k)

The leave one out mean square error (LOOMSE) can be calculated
as

N
J=y T [ Vo 33
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1

N
JV~5 ¥
K=1

Z|

e(k) 2
1—wT(H 'w(k)

1N e(k) 2
](/1)=N )y (34

k=1 L — 20 [wiko)? /(w] wy)

by making use of (25) and assuming that sign(g®"-~») = sign(g®V)
holds for most k. This assumption is mild because only one data
sample is removed at a time, based on significant regressors
selected in a forward regression manner.

It is simple to evaluate J(A) as a result of the following reasons.

® Firstly the proposed elastic net cost function is based on
parameter regularisation within an orthogonal space, making
it possible to derive a closed form expression for the para-
meters of the elastic net.

® Secondly we provide the above original derivation to show that
the LOOMSE based on models using elastic net estimator can be
analytically approximately evaluated without actually splitting
the data by making use of the matrix inversion lemma and a
mild assumption.

® Thirdly as a byproduct of the orthogonalisation procedure H is
diagonal, so that the evaluation of e(~¥ (k) does not involve any
matrix inversion and has a very small computational cost (see
(32)).

We apply the PSO algorithm to solve (23), as shown in
Appendix B. The complete algorithm can be illustrated with
reference to the schematic diagram of Fig. 2. The algorithm has a
two layer structure. The upper level is the PSO with population
size of S (Appendix B). It learns the two optimal regularisation
parameters based on the LOOMSE values provided by the lower
level of S particles. At the lower level, each particle performs the
ENOFN algorithm over the iterations, with each iteration consist-
ing of two stages; (i) select a subset model based on the naive
elastic net parameter estimator using the MGS algorithm in
Appendix A; and (ii) determine the elastic net model parameters
for the selected model terms using (21) and then calculate the
associated LOOMSE using (32) and (33).

The computation cost of the PSO is dominated by that of the
cost function evaluation. So the total computational complexity of
the proposed two-level learning scheme is determined by the total
number of function evaluations of PSO (S x Iy ), multiplying the
average computation cost of each particle, i.e, that of the elastic
forward regression. The latter is in the order of O(N), which is
further scaled by the product of candidate and final model size
ns x ny. Note that ny can be set much lower than N if the latter is
too large in order to save computation cost. The computational
cost of the proposed algorithm is much smaller than conventional
cross validation approaches of grid search over a two-dimensional
space. For example if the ten-fold cross validation is used for a very

PSO

%
AN
k4

©

1. The naive elastic net OFR 1 . The naive elastic net OFR

using the MGS procedure using the MGS procedure

2. Find the elastic net estimator 2. Find the elastic net estimator

Particle 1 Particle S

Fig. 2. A schematic diagram of the proposed ENOFR using PSO.

coarse grid search of 3 by 3 on A, its computation cost is roughly
the same as the proposed algorithm with S=9 and I;;qx = 9 which
is found to be appropriate from our experience. However the grid
search of 3 by 3 on A is likely to be too coarse to produce
reasonably solutions.

4. Modeling examples

In this section we demonstrate the effectiveness of the pro-
posed algorithm using simulations. One example on multivariate
linear regression and one example nonlinear static function
approximation are presented, followed by two examples on data
from real nonlinear dynamical systems.

4.1. Multivariate linear regression

Prostate cancer example was taken from a study of prostate
cancer [30,44]. The inputs are eight clinical measures: log(cancer
volume) (Icavol), log(prostate weight) (lweight), age, the logarithm
of the amount of benign prostatic hyperplasia (Ibph), seminal
vesicle invasion (svi), log(capsular penetration) (Icp), Gleason
score (gleason) and percentage Gleason score 4 or 5 (pgg45). The
response is the logarithm of prostate-specific antigen (Ipsa). The
prostate cancer data were divided into two parts: a training set
with 67 observations and a test set with 30 observations. We use
the linear model with scaled inputs so that each has zero mean
and unit variance, and construct our model using the proposed
algorithm. The search space of PSO was set [10,20] for 4, and
[100,1000] for A,. S=20, Inmg =20 were predetermined. The
proposed algorithm automatically selects a final model with
4 terms, produced by regularisation parameters 1; =11.75009,
A =138.7415 found by the PSO based on the LOOMSE criterion
without using another validation data set. Table 1 shows the test
mean square error against the results of different methods in [30].
Note that in [30] tenfold cross validation of the training set was
used in the grid search of the regularisation parameters, enabling
the standard deviation in the brackets to be obtained. In our
algorithm the training data set was not actually split up. The result
of our model is better than all other methods except for the
original elastic net method.

4.2. Nonlinear static function approximation

Consider using a RBF network to approximate an unknown
scalar function

sin (x)
X

feo=

(35

A data set of two hundred points was generated from y = f(x)+ &,
where the input x was uniformly distributed in [—10,10] and the
noise £ was Gaussian with zero mean and standard deviation 0.2.

Table 1
Prostate cancer data: comparing different methods. The results of the first five
methods were quoted from [30].

Method Test mean square error Variables selected
Ordinary least squares [30] 0.586 (0.184) All

Ridge regression [30] 0.566 (0.188) All

Lasso [30] 0.499 (0.161) (1,2,4,5,8)
Naive elastic net [30] 0.566 (0.188) All

Elastic net [30] 0.381 (0.105) (1,2,5,6,8)

The proposed ENOFR 0.4563 (1,2,5,4)
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eNerr value

1 2 3 4 5 6 7 8
Model terms
1.5 T T T T
= Noisy data
- - true function
o, ¢ 7-term model prediction
1t T
&y
VAT
o, oty
o . o o o
0.5 &0 o5
. o o D@ . o"8o
o= ggn 5 %5” A
[} Le . . D;ﬂ o o & o o o
0 0® e g 0750, e
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° rSF\:\ o o
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1
-10 -8 -6 -4 -2 0 2 4 6 8 10

Fig. 3. The modeling results of the simple scalar function problem by the selected
model (1; = 0.0465, 1, =0.145); (a) 7 nonzero eNerr; values during the elastic net
orthogonal forward regression steps; and (b) model predictions of the
7-term model.

The data were very noisy. The Gaussian function

2
¢i(x) = exp <— *x—c) > (36)
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was used as the basis function to construct a RBF model, with a
kernel width 72 = 10. All the two hundred data points were used
as the candidate RBF centre set for c;. The search space of PSO was
set [1077,0.1] for A;, and [1077,1] for As. S=5, Inex =5 were
predetermined. The proposed algorithm automatically selects a
final model with only 7 terms, produced by regularisation para-
meters A1, =0.0465, A, =0.145. These were automatically deter-
mined by the PSO based on the LOOMSE criterion without using
another validation data set. Fig. 3(a) depicts [eNerr]; values against
the forward regression process, which automatically terminated at
the 8th step when [eNerr]g=0. Fig. 3(b) depicts the model
prediction of the resultant 7-term model in comparison to the
noisy data used for training and the unknown true function. The
resultant 7-term model produces a mean square error of 0.0015
with respect to the true function, illustrating the excellent model
generalisation capability of the model in this particular problem.

For comparison we construct models using ENOFR algorithm
introduced in the paper, except that for selecting A tenfold cross
validation was used, rather than LOOMSE with PSO. By setting a
grid of 1;,=[10"7,107°,10"%,1073,0.1] and A, =[10"7,1075,
1073,0.1,1], 25 settings of A are evaluated using tenfold cross
validation. We used the same kernel width 72 =10, and for each
fold all resultant 180 training data points were used as the
candidate RBF centre set. The estimated computational cost is
roughly nine times of using LOOMSE with PSO in terms of how
many times the MGS algorithm is applied. We also assume that,
due to the reduction of 10% in training data set size for tenfold
cross validation, there is also 10% computational cost reduction.
The best A is found to be A; =0.1, 4, =0.001. For each fold, a 7-
term model was produced. With respect to the true function, the
resultant mean square error for all data points over ten models is
0.0023 +0.0003 (mean + standard deviation), illustrating that
selecting A using tenfold cross validation does not offer superior
performance to the proposed algorithm for this particular
problem.

4.3. Nonlinear dynamical system modeling

Example 1. The relationship between the fuel rack position (input
u(k)) and the engine speed (output y(k)) is modelled for a Leyland
TL11 turbocharged, direct injection diesel engine which is oper-
ated at a low engine speed. Detailed system description and
experimental setup can be found in [45]. The data set, depicted
in Fig. 4(a) and (b), contains 410 samples. The first 210 data
samples were used in training and the last 200 data samples for
model validation. The previous study has shown that the data set
can be modeled adequately using the system input vector
x(k) = [y(k—1),u(k—1),u(k—2)]". The best Gaussian kernel model
provided by the locally regularised orthogonal least squares
(LROLS) algorithm with the LOO test score, consisting of 22 terms
[46] and with the mean square error (MSE) values over the
training and validation data sets of 0.000453 and 0.000490,
respectively.

We use the Gaussian radial basis function (RBF)
Pi(x(k)) = exp{— ||x(k) —¢;]|?/27?} to construct our model using
the proposed algorithm, where 72 = 1.69 was set empirically and
is the same as that used in [46]. ¢; were formed using all the
training data samples. The search space of PSO was set [10~°,0.01]
for A;, and [107%,100] for A. S=5, Imax = 5 were predetermined.
The proposed algorithm automatically selects a final model with
26 terms where the regularisation parameters were found to be
A1 =2.147 x 1075, 1, =10"% by the PSO based on the LOOMSE
criterion without using another validation data set. Fig. 4
(c) depicts logo([eNerr];) values against the forward regression
process, which automatically terminated at the 27th step as
[eNerr],7 = 0. For this model the mean square error (MSE) values
over the training and validation data sets are 0.000447 and
0.000470, respectively. Clearly the modelling results are compar-
able to that of [46], as it has a slightly better predictive perfor-
mance than [46], but slightly larger model size.

For comparison we construct models using ENOFR, in which
tenfold cross validation was used for selecting A, rather than using
LOOMSE with PSO. By setting a grid of A; =[10"7,107°,10"4,
1072,0.01] and A,=[10"7,107°,1073,1,100], we evaluated 25
settings of A using tenfold cross validation, in which 20 data points
from first 210 data samples are sequentially preset as test data
points for each fold producing ten different data partitions. We used
the same kernel width 72 = 1.69, and for each fold all resultant 190
training data points were used as the candidate RBF centre set. The
resultant best model is from 4; = 10~4, A, = 10~ 7. Over ten models
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Fig. 4. Engine data set. (a) System input u(t); (b) system output y(t); and (c) the
logarithm of 26 nonzero eNerr; values during the elastic net orthogonal forward
regression steps for 1; =2.147 x 107> and 4, =10,

produced from 10 different partitions, we recorded the mean square
error over estimation data set as 0.000463 + 3.5833 x 10> (mean
+ standard deviation) and validation data set as 0.000500 +
1.4049 x 10~° (mean + standard deviation), and the model size
as 23.9+ 1.1 (mean + standard deviation). Clearly performances
are also comparable but not superior to the proposed algorithm,
because the estimated computational cost is roughly nine times of
using LOOMSE with PSO.
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Fig. 5. Gas Furnace Data Set. (a) System input u(t); (b) system output y(t); and
(c) the logarithm of 11 nonzero eNerr; values during the elastic net orthogonal
forward regression steps for 1; = 0.0003 and 1, =23.9928.

Example 2. The gas furnace data set (the time series ] in [47])
contained 296 pairs of input-output points as depicted in Fig. 5
(a) and (b), where the input was the coded input gas feed rate and
the output represented the CO, concentration from the gas
furnace. The Gaussian radial basis function (RBF) ¢;(x(k)) =exp
{—(Ix(k)—¢;]|>)/27?} was used, with the system input vector
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x(k) = [y(k—1), y(k—2),y(k—3),u(k—1),u(k—2), u(k—3)" and 72 =
1000. From Fig. 5, it can be observed that the second half of the
data set was different from the first half. Therefore, we used the
even-number pairs {x(k),y(k)} for training and the odd-number
pairs of {x(k),y(k)} for testing. ¢; were formed using all the training
data samples. The resultant model provided by the ROLS algorithm
with the LOO test score. The search space of PSO was set [1075,
0.01] for A,, and [107%,100] for Ay. S=5, Imex =5 were predeter-
mined. The proposed algorithm automatically selects a final model
with 11 terms where the regularisation parameters were found to
be 1, =0.0003, 1, =23.9928 by the PSO based on the LOOMSE
criterion without using another validation data set. Fig. 5
(c) depicts log jo([eNerr];) values against the forward regression
process, which automatically terminated at the 12th step as
[eNerr],, = 0. For this model the mean square error (MSE) values
over the training and validation data sets are 0.0493 and 0.0790,
respectively. For comparison a previous study [21] has experi-
mented on the regularised assisted OLS(ROLS) based on the LOO
mean square error (referred to as ROLS-LOO algorithm) [46] and
using the same common variance. The resultant model provided
by the ROLS-LOO algorithm consists of 12 terms and has the mean
square error (MSE) values over the training and validation data
sets of 0.0474 and 0.0805 respectively. Clearly the modelling
results of the proposed approaches are competitive.

Tenfold cross validation rather than LOOMSE was used to select
A based on ENOFR without PSO. Two grids of 4; =[10’7,10’5,
1074,1072,0.01] and A,=[10"7,107°,10"3,1, 100] were prede-
termined to obtain 25 settings A. Tenfold data partitions are based
on sequentially taking 14 data points from the original training
data samples as test data points, producing ten different data
partitions. We used the same kernel width 72 = 1000, and for each
fold all resultant 132 training data points were used as the
candidate RBF centre set. We obtained A; =104, A, =10~7. Over
ten models obtained based on different training data set partitions,
we recorded the mean square error over estimation data set as
0.0477 + 0.0027 (mean + standard deviation) and validation data
set as 0.0811 + 0.0025 (mean + standard deviation), and the
model size as 12.5 + 0.5 (mean + standard deviation). Note that
the modeling performance is comparable, but the computational
cost is approximately nine times of using LOOMSE with PSO.

5. Conclusions

Aiming at maximising a model's generalisation capability, this
paper has proposed an efficient two-level model identification
method for the linear-in-the-parameters models. At the lower
level is the proposed ENOFR algorithm that is able to perform
simultaneous model selection and elastic net parameter estima-
tion for a given pair of regularisation parameters. At the upper
level these regularisation parameters are optimised using a parti-
cle swarm optimisation (PSO) algorithm by minimising the leave
one out (LOO) mean square error (LOOMSE). The original con-
tributions are firstly to define an elastic net cost function based on
orthogonal decomposition, which facilitates the automatic model
structure selection process with no need of using a predetermined
error tolerance to terminate the forward selection process. Sec-
ondly we derived the LOOMSE formula based on the resultant
ENOFR models and show that its computational cost is small due
to the proposed ENOFR procedure. As a result a fully automated
procedure is achieved without resort to any other validation data
set for iterative model evaluation. Illustrative examples are
included to demonstrate the effectiveness of the new approaches.

Appendix A. The naive elastic net orthogonal forward
regression using the modified Gram-Schmidt (MGS)
orthogonalisation procedure

The modified Gram-Schmidt orthogonalisation procedure cal-
culates the A matrix row by row and orthogonalises ® as follows:
at the Ith stage make the columns qu, [+1 <j < ny, orthogonal to
the Ith column and repeat the operation for 1 <[ <ny —1. Speci-
fically, denoting d)}o) =¢;, 1<j<ny, then

w, = ¢(’ 1),

- .
ay=wie! " jwiw),[+1<j<ny,

O _ pl-1
Jj )

1=1,2,...ny—1.  (37)

—ajwi, [+1 Sj <Ny,

The last stage of the procedure is simply wy, :qﬁfﬂ:"]). The
elements of the naive elastic net estimator for g are computed
by transforming y® =y in a similar way:

g =wly!= D /wlw)),

NN _ w]w, 2] — A1/2
! w/w;+ 4, w/w+ 4,

> sign@™), ' 1<1<ny.
.

yO =yi-b—gfw,
(38

This orthogonalisation scheme can be used to derive a simple
and efficient algorithm for selecting subset models in a forward-
regression manner. First define

QY = wrwi 1y (39)

ny
If some of the columns ¢{ ",...¢% " in @'~V have been
interchanged, this will still be referred to as @~ " for notational
convenience. The Ith stage of the selection procedure is given as
follows.

Step 1: For | <j < ny, compute

(LS,;) ¢(l l>) y<’ 1)
/((¢(1 1)T (l 1)),
(¢ ¢
Mﬁ } ) sign(g(t))
[eNerr])’ = (&™) x (@}~ ")) " +42)/ ("W).

Step 2: Find

[eNerr], = [eNerr]/ = max({[eNerr]{", | <j < ny).

Then the jith column of ®'~ is interchanged with the Ith
column of @'~V the jith column of A is interchanged with the
Ith column of A up to the (I-1)th row. This effectively selects
the jith candidate as the Ith regressor in the subset model.
Step 3: Perform the orthogonalisation as indicated in (37) to
derive the Ith row of A and to transform @'~V into ®".
Calculate ngEN) and update y!=" into y® in the way shown in
(38).

The selection is terminated at the (ns;+1) stage when
[eNerr], , ; = 0 is satisfied and this produces a subset model contain-
ing ng significant regressors. The algorithm described here is in its



X. Hong, S. Chen / Neurocomputing 148 (2015) 551-560 559

standard form. A fast implementation can be adopted, as shown in
[48], to reduce complexity.

Appendix B. Particle swarm optimisation for choosing
regularisation parameters

In the following we propose to apply the PSO algorithm [22,23],
and aim to solve

Aopt =arg N GIP[;TIAJM)’ (40)
where

HlA = H [0 AJ max] (41)
_] =

defines the search space. Depending on the problem, A;.'s are set
empirically. For our problem, it is not difficult to coarsely 1dent1fy some
values above which the resultant solutions are definitely not accep-
table in terms of model predictlvse performance.

A swarm of particles, {/l(m)}l, ;» that represent potential solu-
tions are “flying” in the search space szl/\], where S is the
swarm size and index m denotes the iteration step. The algorithm
is summarised as follows.

(a) Swarm initialisatlg)n Set the iteration index m=0 and
randomly generate {/l }l,1 in the search space 1'[ _ 1A

(b) Swarm evaluation: The cost of each partlcle )'is obtained
as ](A(m)) Each particle /l(m) remembers its best posmon visited so
far, denoted as b§ ). which provides the cognitive information.
Every particle also knows the best position visited so far among
the entire swarm, denoted as gh™, which provides the social
information. The cognitive information {pb{™};_, and the social
information gh™ are updated at each iteration:

For (i=1;i<S;i++)
If JA™) <Jpb{™)) pb{™ = A{™;
End for;
i* = arg min; _; - J(pb{™);
If J(pb") <J(gb™)) gb™ = pb(";

(¢) Swarm update: Each particle /15"” has a velocity, denoted as

yf’") to direct its “flying”. The velocity and position of the ith
particle are updated in each iteration according to

7" = oy ™ rand O b — A1)+ rand sy xgh™ ~A™), (42)
l(m+l) /;L(m)+y(m+1) (43)

where po is the inertia weight, y; and p, are the two acceleration
coefficients. rand() denotes the uniform random number between
0 and 1. In order to avoid excessive roaming of particles beyond
the search space [27], a velocity space

HlY = H[_ j.max» ]max] (44)
i
is imposed on ™" so that

(m+1)|j -

If (7;
If (f™ V) <

n1+1)| —

Yj,max) 7',
-7 j,max) 7,'

] max»
m+1)|j — _ Yj,max;

where y|; denotes the jth element of y. Moreover, if the velocity as
given in Eq. (42) approaches zero, it is reinitialised proportional to
Y max with a small factor v

@™ V= = 0" V) = + rand(vs Y may; (45)

(d) Termination condition check: If the maximum number of
iterations, Imax, iS reached, terminate the algorithm with the
solution gb“m‘“’ otherwise, set m=m-+1 and go to Step (b).

Ratnaweera and co-authors [25] reported that using a time
varying acceleration coefficient (TVAC) enhances the performance
of PSO. We adopt this mechanism, in which y, is reduced from
2.5 to 0.5 and p, varies from 0.5 to 2.5 during the iterative
procedure:

Hq =(0.5—2.5)%m/Inax+2.5,
Hy =(2.5—0.5)%m/Imax +0.5. (46)

The reason for good performance of this TVAC mechanism can be
explained as follows. At the initial stages, a large cognitive
component and a small social component help particles to wander
around or better exploit the search space, avoiding local minima.
In the later stages, a small cognitive component and a large social
component help particles to converge quickly to a global mini-
mum. We use p, = rand() at each iteration.

The search space as given in Eq. (41) is defined by the specific
problem to be solved, and the velocity limit ¥y, is empirically
set. An appropriate value of the small control factor v in Eq. (45)
for avoiding zero velocity is empirically found to be v = 0.1 for our
application.
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