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Abstract—This paper proposes a method for adaptive identification and predictive control using an online sequential extreme
learning machine based on the recursive partial least-squares
method (OS-ELM-RPLS). OL-ELM-RPLS is an improvement
to the online sequential extreme learning machine based on
recursive least-squares (OS-ELM-RLS) introduced in [1]. Like
in the batch extreme learning machine (ELM), in OS-ELMRLS the input weights of a single-hidden layer feedforward
neural network (SLFN) are randomly generated, however the
output weights are obtained by a recursive least-squares (RLS)
solution. However, due to multicollinearities in the columns
of the hidden-layer output matrix caused by the presence of
redundant input variables or by a large number of hiddenlayer neurons, the problem of estimation the output weights
can become ill-conditioned. In order to circumvent or mitigate
such ill-conditioning problem, it is proposed to replace the RLS
method by the recursive partial least-squares (RPLS) method.
The identification methodology is proposed for two application
problems: (1) construction of a inferential model, and (2) the
learning of a model for the Generalized predictive control (GPC)
algorithm. The integration of the proposed adaptive identification
method with the GPC results in an adaptive predictive control
methodology. To validate and demonstrate the performance and
effectiveness of the proposed methodologies, they are applied on
modeling of two public regression data sets and on control of the
flow through a simulated valve.

I. I NTRODUCTION
The design of an accurate model is one of the crucial steps in
the construction of a inferential model and in model predictive
control (MPC). In this process, multilayer feedforward neural
networks (FFNN) have been used due to the good prediction
capability. However, the training of FFNN using the backpropagation (BP) algorithm and its variants has been the bottleneck of the use of these networks in industrial applications
[2] due to the large training time and the large amount of learning parameters (e.g. learning rate, number of learning epochs,
stopping criteria, and other predefined parameters) that must
be properly chosen to ensure convergence [3], being the linear
models often preferred in comparison to multilayer FFNN. In
order to overcome these problems in the construction of FFNN
models, a new method called extreme learning machine (ELM)
was proposed in [4]. These improvements provided by ELM
make these models a valuable tool in industrial processes.
ELM is a batch learning algorithm for single hiddenlayer FFNN (SLFN) where the input weights (weights of
connections between the input variables and the neurons in
the hidden-layer) and the bias of neurons in the hiddenlayer are randomly assigned. The output weights (weights of
connections between the neurons in the hidden-layer and the

output neuron) are obtained using the Moore-Penrose (MP)
generalized inverse, considering in the output neuron a linear
activation function. However, in some applications a sequential
learning should be preferred over the batch learning. One
example of sequential learning application is in the on-line
modeling of a process with a time-varying behavior. In this
case, collecting a training data set that would be representative
of all possible states and conditions of the process can be very
difficult. These conditions include different intrinsic states in
which the process can be operated, and also different states
related to environmental changes, changes of the process input
materials, etc. Due to this difficulty, an online adaptation tool
should be used in order to construct a SLFN model that
has the capability to self-adjust its parameters in order to
provide a good estimation in each operation scenario. In [5],
[1] an online sequential extreme learning machine based on
the recursive least-squares (RLS) algorithm called OS-ELMRLS was presented. However, the outputs of hidden neurons
can have strong multicollinearities due to a large number of
hidden nodes or due to redundancy in input variables. In such
situations the output matrix of the hidden-layer, corresponding
to a set of data samples, may have not full rank, which
can result in an ill-conditioned problem to be solved by the
least-squares solution, and in an unstable solution. In order
to circumvent or mitigate the ill-condition problem, the RLS
method can be replaced by the recursive partial least-squares
(RPLS) method. In this paper, an improved online sequential
extreme learning machine algorithm based on RPLS (OSELM-RPLS) is proposed. In the proposed methodology, the
output weights of the SLFN are updated when a new data
sample is available using a RPLS method and the number of
latent variables is adapted using a leave-one-out validation: for
each new sample, before updating the output weights vector,
the preceding data sample is used to select the best number of
latent variables. OS-ELM-RPLS was applied and compared
with OS-ELM-RLS, RPLS, and OS-ELM-RPLSM over two
real-world data sets. The OS-ELM-RPLSM is a modified
version of OS-ELM-RPLS method, where the number of
RPLS latent variables is not adapted online, but is selected by
a 10-fold cross-validation procedure on the train data set. In all
the experiments, the proposed OS-ELM-RPLS method always
exhibits the best prediction performance. The identification
methodology is proposed for two application problems: (1)
construction of a inferential model, and (2) the learning of
a model for the Generalized predictive control (GPC) algorithm. The integration of the proposed adaptive identification

method with the GPC results in an adaptive predictive control
methodology. To validate and demonstrate the performance
and effectiveness of the proposed methodologies, they are
applied on modeling of two public regression data sets and
on control of the flow through a simulated valve.
The paper is organized as follows. The SLFN architecture
is overviewed in Section II. A review of the batch and
sequential ELM is given in Section III. The proposed method
is presented in Section IV. Section VI presents experimental
results. Finally, concluding remarks are drawn in Section VII.
II. S INGLE H IDDEN -L AYER F EEDFORWARD N ETWORK
A RCHITECTURE
The neural network considered in this paper is a single
hidden-layer feedforward neural network with n input variables, h hidden-layer neurons, and one neuron in the output
layer. The output the SLFN at time-instant k is given by:

ŷ(k) = g vT sk ,
(1)

where g(·) represents the activation function of the output
neuron, v = [bO , v1 , . . . , vh ]T is the vector of output weights
and bias, and sk = [1, s1 (k), . . . , sh (k)]T is the vector of the
outputs of the h hidden-layer neurons (the first element is for
the output bias) given by:


sk = Γ W T x k ,
(2)
where

b1
 w11
W=
 ...
wn1


b2
w12
..
.
wn2


...
bh
. . . w1h 
.. . . ..
.. 
. ..
. 
. . . wnh

(3)

is the matrix of first level weights and biases, bj is the
bias of hidden neuron j, and wij is the weight between
the i-th input variable and the j-th hidden-layer neuron.
xk = [1, x1 (k), x2 (k), . . . , xn (k)]T is the vector of inputs
where the first element is for the bias of each hidden neuron,
and Γ(ξ) = [f (ξ1 ), . . . , f (ξh )]T for ξ = [ξ1 , . . . , ξh ]T , where
f (·) represents the activation function of the neurons of the
hidden layer.
Assuming the availability of N input-output data samples,
usually a conventional gradient-based training algorithm is
used to find the weights W, and v that minimize the following
cost function:
e=

N
X

k=1


2
g vT sk − y(k) ,

(4)

where y(k) is the desired output at time instant k.
Although this algorithm works well in many applications, it
still has several issues, such as local minima, overfitting, slow
convergence rate, etc.
In order to overcome these problems, the batch ELM
was proposed in [4]. This method randomly generates the
weights and bias of the first level of the SLFN and obtains the output weights using a MP generalized inverse,
improving the generalization capability and decreasing both
the number of parameters to be adjusted by the user and the
computational costs, allowing the implementation in common
automation equipment such as programmable logic controllers
or microcontrollers. However, in processes with time-varying

behaviors, sequential learning algorithms may be preferred
over batch learning algorithms as they do an incremental
learning, not requiring a complete batch retraining whenever
new data is received.
III. E XTREME L EARNING M ACHINE
The batch ELM was proposed in [4]. In [6] it is proved that
a SLFN with randomly chosen weights between the input layer
and the hidden layer, and adequately chosen output weights are
universal approximators for any bounded non-linear piecewise
continuous function. In ELM, the input weights and bias
matrix W is randomly assigned and, considering an output
neuron with a linear activation function, the SLFN network
can be regarded as a linear regression model between the
output vector of the hidden layer and the output of the SLFN.
Therefore, the output weights vector v can be estimated as:
v̂ = S†N yN ,

(5)

where S†N is the Moore-Penrose generalized inverse of the
hidden layer output matrix
SN = [s1 , . . . , sN ]T ,

(6)

and yN = [y(1), . . . , y(N )]T is the vector of the target
outputs.
Considering that SN ∈ RN ×h with N ≥ h and
rank (SN ) = h the Moore-Penrose generalized inverse of SN
can be given by:
−1

(7)
STN .
S†N = STN SN
Substituting (7) into (5), the estimate v̂ of v can be obtained
by the following least-squares solution:

−1
(8)
STN yN .
v̂ = STN SN
The sequential implementation of the ELM results in the
application of recursive least-squares (RLS) to estimate the
output weights vector v̂ [1].
Despite of the fast ELM training time, and regardless of
using either batch or sequential/recursive ELM implementation, the solution obtained by least-squares may be not the
most robust solution. The columns of the hidden-layer output
matrix SN (output of each hidden node) can have strong
multicollinearities due to large number of hidden nodes or
due to redundancy in the
which can result in
 input variables,

−1

an ill-conditioned term STN SN
and in an unstable leastsquares solution [7]. In order to circumvent or mitigate the illcondition of the hidden-layer output matrix, the partial leastsquares (PLS) can be used to obtain the output weights.

IV. O N - LINE S EQUENTIAL ELM BASED ON R ECURSIVE
PARTIAL L EAST-S QUARES

−1
If matrix STN SN
is well-conditioned, the best estimate
of
v
in
a
least
squares
sense is given by (8). However, if


−1

is ill-conditioned, an alternative to the MooreSTN SN
Penrose generalized inverse should be used. Using a PLS
method, the data are projected into a space spanned by a

Algorithm 1 Traditional batch-wise PLS algorithm with N
available data samples.
Inputs: Hidden layer output matrix, SN ; the vector of target
outputs, yN ; and the number of latent variables l;
1) Set E0 = SN , f 0 = yN , and k = 0;
2) Let k ← k + 1 and uk ← f k−1 ;
3) Compute the latent scores and the loading factors:
a) ik = ETk−1 uk /uTk uk ;
b) tk = Ek−1 ik /kEk−1 ik k;
c) qk = f Tk−1 tk /kf Tk−1 tk k;
d) uk = f k−1 qk ;
e) pk = ETk−1 tk ;
4) Compute the coefficient bk :
a) bk ← uTk tk ;
5) Compute the residuals Ek and f k :
a) Ek = Ek−1 − tk pTk ,
b) f k = f k−1 − bk tk qk ;
6) Repeat Steps 2) to 6) until all l principal factors are
calculated.

number of latent variables (factors), and SN and yN are then
represented by:
T

(9)

T

(10)

SN = TP + E,
yN = Uq + f ,

where T = [t1 , . . . , tl ] ∈ RN ×l and U = [u1 , . . . , ul ] ∈
RN ×l are the latent score matrices, and P = [p1 , . . . , pl ] ∈
Rh×l and q = [q1 , . . . , ql ] ∈ R1×l are the loading matrices.
E ∈ RN ×h and f ∈ RN ×1 are the input and output data
residuals, and l is the number of latent variables used in the
model.
The data matrices SN and yN can also be iteratively
decomposed as follows. First, let:
SN = t1 pT1 + E1 ,
y N = u 1 q1 + f 1 ,

(11)
(12)

where t1 and u1 are the first column of the latent score
matrices T and U, and p1 and q1 are the first collumn of the
loading matrices P and q. E1 and f 1 are the input and output
data residuals in the first iteration. The latent score vectors are
related by a linear inner model:
u 1 = b1 t 1 + r 1 ,

(13)

where b1 is a coefficient which is determined by minimizing
the residual r1 . After going through the first latent score
vectors calculation, the second vectors are calculated by decomposing the residuals E1 and f 1 as follows:
E2
f2

=
=

E1 − t1 pT1 ,
f 1 − b1 t1 q 1 ,

(14)
(15)

being the t1 score vector orthogonal to E1 and f 1 . This
procedure is repeated until all the T, P, U, q matrices
are calculated. The overall PLS algorithm is summarized in
Algorithm 1 [7]. This algorithm is derived with the assumption
that the data SN and yN are scaled to zero mean and unit
variance. However, if the levels of the signals at the outputs

of the neurons are comparable, the scaling may be unnecessary
[8].
Using this algorithm, the matrices T, P, q, I, and B can
be constructed, where:
I = [i1 , . . . , il ],
B = diag{b1 , . . . , bl }.

(16)
(17)

Consider the following Lemma [7]:
Lemma 1: If rank(SN ) = l and l ≤ (h + 1), then
El = El+1 = . . . = Eh+1 = 0.

(18)

In matrix form, using Lemma 1 and equations (11)-(13),
SN and yN can be decomposed as:
SN = TPT + El = TPT ,

(19)

T

yN = TBq + f l .

(20)

Consider the following Lemma [7], which shows that f l is
orthogonal to the latent score vector tl :
Lemma 2: The output residual f i is orthogonal to the
previous latent score vector tj , i.e.
tTj f i = 0, for i ≥ j.

(21)

As the latent score vectors are orthogonal and have unit
length (Algorithm 1, Step 3b), all the columns of T are mutually orthonormal. So, the following relation can be derived
using (19), (20) and Lemma 2,
STN SN = PTT TPT = PPT ,
STN yN

T

T

T

(22)
T

= PT TBq + PT f l = PBq .

(23)

In order to minimize the square residuals kyN − SN vk2 ,
using (22)-(23) the LS solution (8) can be transformed into
the following PLS solution:
v̂ = (PPT )−1 PBqT .

(24)

This solution is designed for the offline case (batch learning). However, when dealing with time-varying environments,
and when the samples are delivered sequentially over the time,
the solution is achieved by merging the old model, represented
by matrices P, B, and q, with the new sample. In the recursive
PLS (RPLS), at each time instant k, the data is represented
by:

 T

λP
λBqT
P LS
P LS
; yk
=
=
,
(25)
Sk
y(k)
sTk
where λ is the forgetting factor, which has a role similar to
LS
LS
and yP
the role it has in the LS estimator. Then, SP
can
k
k
be applied as inputs SN , yN in Algorithm 1 to find the new
PLS parameters.
The method proposed in this paper is based on the use
of the recursive partial least-squares method to estimate the
output weights of a SLFN (considering an output neuron
with a linear activation function) and is called OS-ELMRPLS. In OS-ELM-RPLS, to select the number of RPLS latent
variables, a leave-one-out validation methodology is used:
in each time instant k, before updating the output weights
vector, the number of latent variables is selected based on the
LS
performance of the SLFN using the samples SP
k−1 and output
weights vector v̂k−1 obtained until time instant (k − 1). The
proposed method is summarized in Algorithm 2.

Algorithm 2 On-line sequential ELM based on RPLS with
adaptive number of latent variables.
1) Collect an initial training set [XN0 , yN0 ] for the learning
algorithm, where XN0 = [x1 , . . . , xN0 ]. The number of
samples N0 can be equal to the number of neurons of
the hidden layer h. However, in order to obtain a good
initial prediction, a larger number of initial samples can
be considered;
2) Assign an arbitrary value to the input weights and bias
matrix W;
3) Calculate the matrix of the outputs of the neurons of
hidden layer SN0 (6) using (2);
4) With Algorithm 1, obtain the matrices T, P, q, I, and
B, using the number of latent variables l = rank(SN0 );
5) Compute the initial output weights estimation v̂0 using
(24);
6) For each newly available data sample [xk , y(k)], at
instant k do:
a) To prepare the selection of the number of latent
LS
variables, for j = 1, . . . , rank(SP
k−1 ), using the
P LS
LS
previous matrix Sk−1 and vector yP
k−1 , do:
i) Compute the matrices T, P, q, I, and B, using
Algorithm 1 with l = j latent variables;
ii) Cumpute the output weights estimation v̂k−1
using (24);
iii) Compute the estimated output ŷ(k − 1) using
(1);
iv) Obtain the error ej = ŷ(k − 1) − y(k − 1)
between the estimated and real outputs;
b) Select the number of latent variables as
l=
arg min
(ej );
j=1,...,rank(Sk−1 )
LS
LS
Obtain SP
and yP
k
k

c)
using (2) and (25);
d) Compute the matrices T, P, q, I, and B using
Algorithm 1;
e) Compute the output weights estimation v̂k using
(24);
f) Compute the estimated output ŷ(k) using (1).

V. G ENERALIZED P REDICTIVE C ONTROL USING
OS-ELM-RPLS
The model learned by the OS-ELM-RPLS can be used to
construct an adaptive model-based predictive controller.
Assuming that a deterministic model of the process can be
constructed, the output of the model is given by:
ŷ(k) = ξ (φ(k)) ,

(26)

with a regression vector
φ(k) = [y(k−1), . . . , y(k−na ), u(k−d), . . . , u(k−d−nb )]T ,
(27)
being that u(k) is the control signal at instant k, na and nb
indicate the number of output and input delays, respectively,
and d is system delay.
At time instant k = τ , an approximated linearized model
can be obtained by [9]:
ŷ l (k) = ψ(τ ) −

na
X
i=1

ai y(k − i) +

nb
X
i=o

bi u(k − d − i), (28)

where ai and bi are the linear model coefficients of the output
and the input,
ai
bi

=
=

∂ξ (φ(k))
∂y(k − i)

,

(29)

φ(k)=φ(τ )

∂ξ (φ(k))
∂u(k − d − i)

,

(30)

φ(k)=φ(τ )

and ψ(τ ) is a bias term given by:
ψ(τ ) = y(τ ) + a1 y(τ − 1) + . . . + ana y(τ − na )
−b0 u(τ − d) − . . . − bnb u(τ − d − nb ).

(31)

The main advantage of the use of the instantaneous linearization of the neural network model is not having to
use a controller design based on a nonlinear model. Such
type of controller can have several problems related with
the computational load of the required iterative minimization
methods and the trapping in local minimum of the criterion [9].
Therefore, the proposed methodology used the instantaneous
linearization with the generalized predictive control (GPC)
methodology.
The GPC is one of the mostly used model predictive control
(MPC) methods. The GPC method was proposed by Clarke
[10] and has become one of the most popular MPC methods
both in industry and academia. The basic idea of GPC is
to calculate a sequence of future control signals in such a
way that it minimizes a multistage cost function defined over
a prediction horizon. So, in each iteration the objective is
minimize a criterion of the following type:
J=

Np
X

(y(k + j) − y ∗ (k + j))2 + q(z −1 )

j=0

NX
u −1

∆u(k + j)2 , (32)

j=0

∗

where y (k) is the reference signal, q is a weighting factor for
penalizing variations in the control input, ∆ = 1−z −1 , and Np
and Nu denote the output and control horizons, respectively.
In order to reduce the computational cost, Nu = 1 is chosen.
The solution for ∆u(k) can be obtained using the derivative
of J with respect to the control inputs increment ∆u(k).
Letting
∂J
= 0,
(33)
∂(∆(u(k)))
and using the method in [11], ∆u(k) can by expressed by:
∆u(k) = (GT G + q0 )−1 GT (ΦR − Fy(k)),

(34)

where the matrices G, Φ, R, and F are defined in [11], and
q0 > 0.
In this control scheme, the proposed identification method
OS-ELM-RPLS is used to online identify the model of the
process and, in each iteration, the parameters of the linear
model are obtained using (29) and (30), and the variation of
the control signal is obtained using (34).
VI. R ESULTS
In this section simulation results are presented to demonstrate the feasibility, performance and effectiveness of the
proposed neural network modeling technique in identification
and in control. All the simulation experiments have been made
in the Matlab environment running on a PC with 2.00 [GHz]
CPU with 2 cores and 4GB RAM.

TABLE I
DATA S ETS D ESCRIPTION : TRAIN / TEST INDICATES THE NUMBER OF
EXEMPLARS IN THE CORRESPONDING DATA SET; ARCHITECTURE
INDICATES THE NUMBER OF INPUT, HIDDEN , AND OUTPUT NODES USED IN
THE SLFN; λ INDICATES THE FORGETTING FACTOR USED IN THE RPLS
AND IN THE RLS.
Data set
Debutanizer
Polymerization

Train/Test
599/1795
194/453

Architecture
7 − 15 − 1
12 − 20 − 1

TABLE III
P ERFORMANCE RESULTS OF THE FOUR METHODS IN THE TEST DATA SET
OF THE DEBUTANIZER PROCESS .
Method
OS-ELM-RPLS
OS-ELM-RPLSM
OS-ELM-RLS
RPLS

λ
0.98
0.98

OS-ELM-ARPLS
OS-ELM-RPLS
OS-ELM-RLS
RPLS
Desired Output

8
6
Outputs

Description
Top temperature
Top pressure
Reflux flow
Flow to next process
th
6 tray temperature
Bottom temperature
Bottom temperature
Butane (C4) concentration

Time [s]
13.68
13.33
7.51
0.29

10

TABLE II
VARIABLES OF THE DEBUTANIZER DATA SET.
Variables
x1
x2
x3
x4
x5
x6
x7
y

MSE
0.146
0.599
0.677
0.334

4
2
0
−2
−4

0

200 400 600 800 1000 1200 1400 1600
Sample, k

A. Identification Results
This section presents experimental results in two real-world
data sets. Table I describes the data sets, and parameters used
in the experiments. For comparison purposes, the proposed
OS-ELM-RPLS method is compared with (i) OS-ELM based
on RLS proposed in [1] (OS-ELM-RLS), and (ii) RPLS
method proposed in [7]. The OS-ELM-RPLSM is a modified
version of OS-ELM-RPLS method, where the number of
RPLS latent variables l is not adapted online. Thus, OSELM-RPLSM does not perform Steps 6a and 6b of Algorithm
2. In the OS-ELM-RPLSM and RPLS methods, the number
of latent variables used was determined by a 10-fold crossvalidation procedure applied on the training data set.
The data was sequentially divided into training set and
testing set. All the input and output variables have been
normalized to zero mean and unit variance. The train data was
used to initialize/train the estimators and the approximation
performance was evaluated on the test data. SLFNs with
sigmoidal activation functions in the hidden-layer neurons, and
a linear activation function in the output neuron were used.
The optimal number of hidden neurons h and the forgetting
factor λ used in all data sets were determined by means of
experimentation. At each time instant k, the estimation of
the output is performed before the estimator adaptation. The
approximation performance of the estimators was evaluated
using the mean square error (MSE) between the predicted and
desired outputs.
1) Debutanizer Process: The first case of study consists
in the prediction of butane (C4) concentration in the bottom
flow of a debutanizer column. This case study was introduced
in [12] and an associated data set is available for download in the book website. The data set of plant variables
that is available for learning consists of 7 input variables,
xk = [x1 (k), . . . , x7 (k)]T , and one target output variable to
be estimated, y(k). The variables correspond to temperatures,
pressures, flows, and the output concentration. See Table II for
further details.
From experiments made in the training data set it was
concluded that the best number of latent variables in OS-

Fig. 1. Predicted and desired outputs using the four methods in the debutanizer
data set.

ELM-RPLSM and RPLS is 1. The results of application of all
methods are presented in Table III and Figure 1. The times that
are shown in the table refer to the time taken by all methods to
predict y and perform the SLFN model adaptation for all the
samples of the test set. Figure 2 shows the number of latent
variables in the test set chosen by the proposed method for all
the samples.
Analyzing the results, it can be verified that the proposed
OS-ELM-RPLS method is the method with the best prediction
performance over the four methods. It can also be seen that
the performance of the RPLS, which generates a linear model,
is better than the performance of the OS-ELM-RLS and OSELM-RPLSM. Comparing the results of the OS-ELM-RPLS
and the OS-ELM-RPLSM, it can be verified the importance
of the adaptation of the number of latent variables performed
by OS-ELM-RPLS during the estimation. With respect to
the computational time, the RPLS is the fastest method.
However, the time taken by OS-ELM-RPLS in each iteration
is approximately 13.68/1795 ≈ 8 [milliseconds], which is a
good time for real applications.
2) Polymerization Process: The polymerization data set
is a benchmark for adaptive soft sensors introduced in [3],
[13]. This data set describes a polymerization reactor and
the objective is the prediction of the catalyst activity in the
multitube. The data set covers 1 year of acquisition with 8687
available samples and is composed of 15 input variables.
This paper follows the same pre-processing procedure as
was done in [13]: downsampling of the first 5800 samples
by a factor of 10 to restrict the available information in the
training set, the removal of variables 3, 4, 15, and removing all
samples which have missing values. The preprocessing results
into a data set with 194 training data samples and 453 test
samples.
The results of application of all methods are presented
in Table IV and Figure 3. From experiments made in the
training data set is was concluded that the best number of
latent variables in OS-ELM-RPLSM and RPLS is 3. Figure 4

3

14

OS-ELM-ARPLS
OS-ELM-RPLS
OS-ELM-RLS
RPLS
Desired Output

2

12
1

10

Outputs

Number of latent variables

16

8
6

0
−1

4
−2

2
0
0

−3

200 400 600 800 1000 1200 1400 1600

0

100

Sample, k

400

Time [s]
4.67
4.25
2.78
0.07

shows the number of latent variables in the test data set chosen
by the proposed OS-ELM-RPLS method. The obtained results
are similar to the results of Experiment I: as in the previous
experiment, the proposed method has the best prediction
performance in test data set, followed by the RPLS. Once
again, it is shown the importance of the online adaptation of
the number of the latent variables.

Fig. 3. Predicted and desired outputs using the four methods in the
polymerization data set.

20
Number of latent variables

TABLE IV
P ERFORMANCE RESULTS OF THE FOUR METHODS IN THE TEST DATA SET
OF THE POLYMERIZATION PROCESS .
MSE
0.031
0.056
0.110
0.047

300

Sample, k

Fig. 2. Number of latent variables used by the OS-ELM-RPLS in the
debutanizer test set.

Method
OS-ELM-RPLS
OS-ELM-RPLSM
OS-ELM-RLS
RPLS

200

15
10
5
0
0

100

200

300

400

Sample, k

Fig. 4. Number of latent variables used by the OS-ELM-RPLS in the
polymerization test set.

1.2

−1

j(k)
y(k)

=
=

−2

0.0616z + 0.0543z
u(k),
1 − 1.5714z −1 + 0.6873z −2
j(k)
p
+ υ(k),
0.1 + 0.9j(k)2

1.0
0.8
Value

B. Control Results
This case of study consists in the control of the fluid flow
through a valve. The Wiener model that describes the valve is
described in [14]. In this model, u(k) is the pneumatic control
signal applied to the stem, j(k) is the stem position, and y(k)
is the flow through the valve which is the controlled variable.
The model can be described as follows:
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y*(k)

0.4
0.2
0.0

(35)

0

50

100 150 200 250 300 350 400
Sample, k

(36)

where υ(k) is an external disturbance.
In the proposed control scheme, it was used a dataset for
the initialization of the model. The dataset was constructed by
injecting a control signal u(k) = (sin(x(k))+1)/2 for x(k) =
−π + 0.01k and k = 1, . . . , M , where M = ⌊2π/0.01⌋, and
⌊α⌋ is the greatest integer smaller than or equal to α.
In order to test the control system, the following reference
signal is used:

0.5, if 0 < k < 149,
y ∗ (k) =
(37)
1, if 150 ≤ k ≤ 400,
and the applied load disturbances υ(k) are: υ(k) = 0.2 for k =
300, and υ(k) = −0.2 for k = 350. In the experiments, the
sampling period adopted is 0.1s and the experiment duration
time is 4 [s].

Fig. 5. Tracking performances of the seven controllers applied in the valve
control.

The presented control scheme was compared with six
self-tuning control approaches: PID controller based on the
modified Ziegler-Nichols criterion [15], Dahlin PID controller
[15], adaptive predictive control with recurrent neural network
(APC-RNN) [16], Model-free Adaptive Controller (MFAC)
[17], MFAC with decreasing gain [18], and adaptive predictive
functional controller [19].
The tracking performances and the control signals of these
seven self-tuning controllers are shown in Figures 5 and 6,
respectively. The root mean square error for the output tracking
measurement is shown is Table V.
From the experimental results it can be seen that all the
control methodologies have a good tracking performance. The
approach where the root mean square of the tracking error is
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Fig. 6. Control signals of the seven controllers applied in the valve control.
TABLE V
ROOT MEAN SQUARE OF THE TRACKING ERROR IN THE VALVE CONTROL .
Controller
GPC using OS-ELM-RPLS
Modified Ziegler-Nichols PID
Dahlin PID
Adaptive predictive control with RNN
Model-free adaptive control
MFAC with decreasing gain
Adaptive predictive functional control

eRM S
0.0750
0.0808
0.0972
0.0823
0.0838
0.0838
0.0978

smaller is the control scheme where the proposed OS-ELMRPLS is used with the GPC controller.
VII. C ONCLUSION
A novel learning algorithm for SLFNs called on-line sequential extreme learning machine based on recursive partial
least-squares with adaptation of the number of latent variables
(OL-ELM-RPLS) was presented. The proposed OL-ELMRPLS method is an improvement of the OS-ELM-RLS method
proposed in [1] where RLS is used to update the estimation
of the output weights. Due to the multicollinearities that can
exist in the hidden-layer output matrix columns caused by
the excessive number of hidden neurons or redundant input
variables, the estimation of the output weights by LS can result
in an ill-conditioned problem and therefore in an unstable
solution. Therefore, in the proposed methodology the RLS
method was replaced by a RPLS method. Furthermore, an
online adaptation of the number of RPLS latent variables was
introduced in the proposed algorithm.
The identification methodology was proposed for two application problems: (1) system identification, and (2) the
learning of a model for the generalized predictive control
(GPC) algorithm. In the identification, the performance of
the proposed method was better than the performance of OSELM-RPLSM, OS-ELM-RLS, and RPLS in both data sets.
The results also show that the adaptation of the number of
latent variables leads to an improvement of the prediction
performance of the proposed method and that the time taken in
each iteration of the method allows its online implementation
in real-world applications. The results obtained in the control
of a valve system, show that the control scheme using the proposed OS-ELM-RPLS identification methodology used jointly
with the GPC controller was the method with best tracking
performance.
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