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Abstract— Tests in industrial processes are often a burden in a lot of cases, due to the time needed and costs
involved in changing the process state. This project aims to search for an algorithm suited to find in historic
data adequate intervals suitable for system identification. The historical data is then used to estimate a good
noise model for the process and finally to use it to perform system identification in the intervals found.
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Resumo— A execução de testes de identificação de sistemas em processos industriais comuns é normalmente
trabalhosa, devido tanto ao tempo necessário, quanto ao custo envolvido em mudar o estado do processo. Este
projeto visa buscar um algoritmo adequado a encontrar bons intervalos para identificação de sistema nos dados
históricos. Estes são utilizados para obter um modelo de perturbações para o processo, que é fixado ao identificar
os dados nos intervalos fornecidos pelo algoritmo.
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1 Introduction

Model Predictive Control is today the default
choice of advanced control in Process Industry.
The main reason for this is that it can handle
several safety and equipment constraints. In
many cases, operation near these constraints is
necessary in order to achieve an efficient and
profitable operation (Maciejowski, 2000).
However, one of the drawbacks of the Model
Predictive Controller is that, unlike PID control
for example, it requires a good estimation of the
process model. This in turn, can be obtainable
through rigorous modeling, which is problematic
given the normally required strict time frames
and work. In the vast majority of the cases, plant
tests using System Identification techniques are
the standard way to obtain a process model.
The main problem associated with plant tests
is that in many cases, there is a large monetary
cost to ward off the process from its normal
conditions, making the final products to fall
outside of the technical specifications, having to
be discarded or recycled. Not to mention the
time delays of some processes commonly found
in the industry. Also, in many cases, it is not
advisable to deviate from the normal operating
condition due to safety constraints.
In order to estimate a good disturbance model,
one needs a large dataset that is full of unmea-
sured disturbances and noises. Given that tests
in the plant for identification are commonly
quite short and external conditions are made
as stationary as possible to generate a good

Signal-to-Noise Ratio (SNR) (Amirthalingam
et al., 2000), the disturbance model obtained is
generally not close to optimal.
With the growing trend of Industry 4.0 and since
the price of memories are decreasing, it is easier
than ever to store huge quantities of process
data with no compression. This data can be
used to aid System Identification as proposed in
(Amirthalingam et al., 2000) or in some special
cases, as it is proposed here, to completely replace
the need of tests in the plant. This is attempted
by utilizing a slightly modified version of the
algorithm presented in (Peretzki et al., 2011),
which searches for suitable intervals for system
identification in a dataset.

2 Method Outline

• Data-Mining algorithm scans the data for in-
tervals suited for system identification

• Subspace identification using N4SID in the
whole data to estimate the disturbance model

• Use an OE structure to identify the determin-
istic model in the intervals found in the first
step

The step 1 tests different sets of data in
variance and the conditioning of the LS (Least-
Squares) Estimation problem, with a final chi-
square test to ensure the estimated parameters in
the LS problem are significantly non-zero.
The whole historical dataset is then used to find
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a good approximation of the disturbance model,
using the N4SID Subspace Identification. An Out-
put Error (OE) estimation is performed in the
datasets given by the algorithm with the distur-
bance model being fixed as the result of the pre-
vious step. This method of identification is also
described in (Romano et al., 2012) where another
algorithm (MPEM) is used to achieve a good es-
timation of the disturbance model.
Finally, the results of the described methodoly
are presented when applied to the rigorous model
of a Flow Plant present in a laboratory of Es-
cola Politécnica of the University of São Paulo -
EPUSP.

3 Statistics Preliminaries

In order to use the algorithm presented in
(Peretzki et al., 2011), the following simplifying
assumptions are made:

• SISO Control Loops

• Linear Models

The choice of SISO loops is needed partially
because when multiple inputs are non-zero, it is
hard to split the multiple inputs effects in a single
output with the presented methodology.
The assumption of linear models is because it
should be possible for the process to be well de-
scribed by a linear model in the current operating
point.

3.1 Least-Squares Estimation

Let the process output y(k) at a sample k be ex-
pressed as a linear regression:

y(k) = ϕT (k)θ + v(k) (1)

where v(k) is white-noise with variance γ, ϕT is
a regressor which defines the model structure of
the process and θ is the parameter vector to be
found by the LS algorithm.
Define the regressor matrix ΦT = [ϕ(1) ... ϕ(N)],
the output vector Y T = [y(1) ... y(N)].

The Least-Squares estimation finds the vector
θ which minimizes the cost function :

V =
∥∥Y − ΦT θ

∥∥ (2)

The solution, given that all data points have
the same noise variance, is (Bar-Shalom, 1985):

θ = (ΦTΦ)−1ΦTY (3)

in which the matrix RN = (ΦTΦ) is propor-
tional to the the inverse covariance matrix P−1N =
1
γ̂ (ΦTΦ), which is related to the Fisher Informa-
tion matrix by the Cramer-Rao Lower Bound.

The invertibility of the matrix RN is related to
how well posed the LS problem is, and a measure
of it is its condition number κ(RN ), which is the
ratio between its largest and smallest singular val-
ues.

3.2 Regressor Model Choice

There are several widely known good regressor
models for the LS problem, such as ARMAX,
ARX, ARIMAX or Box-Jenkins. However, one
of the design choices of the algorithm used is
that the system delay should not be known
beforehand. To cope with this requirement, a
FIR model could be used for example. However,
for processes with slow dynamics, the order of
the FIR model would be very high, which in
turn would cause the size of RN to be impractical.

Considering this, a good model structure that
combines the advantages of ARX and FIR models
is the Laguerre model (Wahlberg, 1991):

y(k) =
n∑
i=1

θiLi(q, α)u(k) (4)

in which n denotes the order of the Laguerre
model and Li(q, α) is the filter:

Li(q, α) =

√
1− α2

q − α

(
1− αq
q − α

)i−1
(5)

where α is the pole of the filter.
One advantage of using the Laguerre model is
that it can effectively approximate a delay of
(Bjorklund and Ljung, 2003)

d̄ = −2(n− 1)Ts/log(α) (6)

where Ts is the sampling time of the process.
However, the biggest disadvantage of using the La-
guerre model is that, since it has a finite gain at
low frequencies, it is not a good approximation for
plants with an integrator. So the presence of an
integrator in the process is assumed to be known.
In that case, an integrated input is considered in-
stead.

ū =
u(k)

1− q−1
(7)

3.3 Statistical significance of θ

Consider that there is a true parameter θ0 of the
system. Given that the noise v(k) is uncorrelated,
being composed of zero mean random-variables
with covariance γ, the LS estimator is unbiased
(Bar-Shalom, 1985). This is equivalent to state
that θ → θ0 as N →∞ and that the estimate θ is
asymptotically normally distributed.
For a finite amount of data,

θ ∼ N(θ0, PN ) (8)
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and the estimates of PN and γ̂

PN = γ̂(RN )−1, γ̂ =
1

N

n∑
i=1

(y(i)− ϕT (i)θ)2 (9)

A statistical test is made in which θ is calcu-
lated, and then it is verified if the null hypothesis
(θ0 = 0) holds. In other words, check if the value
(Peretzki et al., 2011)

χ̂N = θTP−1N θ (10)

is greater than the value of the chi-square distri-
bution with n degrees of freedom, with n being
the Laguerre Model order, which is the number of
parameters in θ.

4 Data-Mining Algorithm

A rough outline of how the algorithm works can
be described as follows:

• Compute the variances of normalized u(k),
y(k) and L1(k), vu(k), vy(k) and vL1

(k)

• For each instant k, if each variance is greater
than its preset threshold, compute the condi-
tion number of RN

• If the condition number is greater than its
threshold, compute θ then χ̂N

• If θ rejects the null-hypothesis, mark the in-
terval as an output of the algorithm

The variances mentioned above and the ma-
trix RN are calculated in a exponential moving
average scheme. The algorithm design choices
(Peretzki et al., 2011) are the moving average co-
efficients, threshold values, the Laguerre model or-
der n and the pole α. The condition number of
RN , as mentioned before, is a measure of condi-
tioning of the LS problem, such that:

1 ≤ κ(RN ) < ∞ (11)

with the problem progressively becoming more ill-
conditioned as κ(RN ) go higher.

It is important to mention that the operating
points are removed and the data scaled to improve
numerical accuracy.

5 Disturbance Model Estimation

Given that the system upon which the identifica-
tion is being done can be well represented by a
state space model of the form:

x(k + 1) = Ax(k) +Bu(k) + w(k), (12)

y(k) = Cx(k) +Du(k) + v(k) (13)

with

E[

(
wp
vp

)(
wTp v

T
p

)
] =

(
Q S
ST R

)
(14)

where y(k) and u(k) are respectively the measure-
ments of the inputs and outputs at time instant
k. The vector x(k) is the state vector, which does
not necessarily have some physical meaning. But
one can always find a similarity transformation to
convert the states to physically meaningful ones.
The advantages of using this formulation in sys-
tem identification is that (Overschee and Moor,
1996):

• All dynamics of the process are gathered in
the matrix A, it describes all dynamic modes
that have been measured, whether it comes
from disturbances or inputs. This is very dif-
ferent from the classical identification theory,
which distinguishes very clearly the stochas-
tic and deterministic part of the model (e.g.
Box-Jenkis).

• If the order of the model n is high, one can
approximate better some non-linearities and
complex behavior present in the real process.

• Most of the time, one shouldn’t care about
the precise origin of the dynamic modes be-
cause if they are important, they will cer-
tainly influence the controller design.

The main problem of Subspace Identification
then is (Overschee and Moor, 1996):
”Given input and output measurements, find an
appropriate order n and the system matrices
A,B,C,D,Q,R,S.”
The idea behind Subspace Identification algo-
rithms is to conditionally linearize the problem,
such that when written in the classical form
of PEM (’Prediction Error Methods’), it be-
comes a highly nonlinear optimization problem.
These algorithms work basically in 2 steps, being
(Amirthalingam et al., 2000):

• The construction of data for two consecutive
Kalman state vectors through an oblique pro-
jection involving appropriate input/output
matrices

• The fitting of the model matrices through
Least Squares Estimation

The idea of identifying the disturbance model
using the historic data comes from the fact that
it is usually rich in disturbane information. How-
ever, some of the drawbacks of subspace meth-
ods are that they normally require a large dataset.
That in turn is not a problem if one uses historic
data. Another issue arises from the requirement
that the stochastic part needs to be stationary,
contrary to what happens in some chemical pro-
cesses, where the process variables show drift.
This can be solved simply by differentiating the
inputs and outputs of the process, resulting in a
model of the form:

x(k + 1) = Ax(k) +B ∆u(k) +K e(k), (15)
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∆y(k) = Cx(k) +Du(k) + e(k) (16)

where the noise e(t) is assumed stationary due to
the removal of the integrator.
This results in input/output form of:

∆y(k) = G(q)∆u(k) + H(q)e(k) (17)

The disturbance transfer function H(q) is derived
from the state space model (15,16):

H(q) = C(qI − A)−1K + I (18)

One important remark is that in order to use
H(q)−1 to aid the deterministic identification, the
obtained noise model needs to be stable. Here
is when the subspace method presents a big ad-
vantage over other approaches such as ARX, AR-
MAX and BJ. In (Romano et al., 2012) where the
MPEM method is used to estimate a noise model
using an ARX model, it is necessary to consider
the Jury criterion in the optimization problem, in
order to guarantee that the resulting ARX noise
model is stable, which adds further complexity to
the problem. Whereas in the N4SID case, it is
shown in (Overschee and Moor, 1996) that any
H(q) generated by a Kalman Filter (or any sta-
ble observer) according to (18) is always stable
invertible. If it contains any unstable pole due to
an identification error, one can always design an
observer based on the model to reajust H(q).

6 Deterministic Model Estimation

Considering the input/output form described in
(17), one can multiply each side by the inverse of
H(q), this results in the following:

H(q)−1∆y(k) = H(q)−1G(q)∆u(k) + e(k) (19)

In the MIMO case, one has:

∆yf(k) = Gf(q)∆u(k) + e(k) (20)

with
Gf(q) = H(q)−1G(q) (21)

and
∆yf(k) = H(q)−1∆y(k) (22)

The problem would be to estimate Gf(q) and use
relation (21) to get G(q).
But since only the SISO case is being considered,
one can rewrite (20) as:

∆yf(k) = G(q)∆uf(k) + e(k) (23)

with
∆uf(k) = H(q)−1∆u(k) (24)

Note that in both cases, the model is represented
in an OE (Output-Error) form, and this is the
model structure chosen to solve the problem.
The reason for choosing OE identification instead

of simply applying subspace identification, or
another choice of structure is because once
the identification of the deterministic model is
done, one might be inclined to just discard the
stochastic model and keep the deterministic one.
This has some risks associated, as shown in
(Amirthalingam et al., 2000).
What might happen is that for a fixed stable
noise model obtained in Section 3, an ARMAX
or subspace method might show an unstable
pole when re-identifying. This does not present
any practical relevance if both the stochastic
and deterministic parts obtained are used in
the optimal predictor formulation. However, if
one simply uses the stochastic model obtained
in Section 5 instead of the one obtained in the
re-identification, or simply throws the stochastic
part away, the resulting model is unstable.
This does not happen if an OE structure is cho-
sen, since the noise model is already fixed a priori.

7 Model and Simulation Results

7.1 Model Description

The model used for simulation of the data is a
rigorous model (Mora, 2014) of the Flow Plant
present in EPUSP - LCPI (Laboratory of Control
of Industrial Processes).
It models the electrical motor used to pump the
water through the pipes and the local head losses
due to:

• Piping and Singularities

• Solenoid Valves

• Disturbance Valves

• Control Valves (Teflon and Graphite Gas-
kets)

• Volumetric Flow Sensor (Orifice Plate)

The true process, and the model used in the
simulations, is highly nonlinear mainly due to fric-
tion in the control valves and the water pump. So,
in order to obtain a closer linear behavior, the loop
was closed with a PI controller for reference track-
ing. The real plant P&I Diagram can be seen in
(Mora, 2014).

The friction modeling of the control valves
uses the KANO friction model described in (Kano
et al., 1984).
The simulated data describes a one day operation
of the flow plant with active PI control on the
teflon valve, while the lead one is mantained with
a fixed input, resulting in a SISO system. The
data simulated, since only the servo mode is be-
ing considered, consists of both reference r(k) and
measured output y(k) with the number of samples
N = 86400 and a sampling time Ts = 1 second.
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Figure 1: Process Variable and Setpoint, full op-
erational range, noise variance 1e-4

Figure 2: Step response of the obtained models

The maximum reference change at once is close to
5% of the nominal value, aproximately 3% of the
operational range, distributed in different parts
of the data. The major problem of this process
in closed loop is the interaction between the in-
tegrator and static friction and it is responsible
for small peaks in the data. This is compensated
by adding a senoid with small amplitude and fre-
quency at least 3 times the bandwidth of the sys-
tem in the output of the PI controller (Zames and
Shneydor, 1976).
The process was simulated twice, with a zero mean
noise and variances of 0.0001 and 0.001 respec-
tively. The data represented in the graphs corre-
spond to the first case, with the y-axis being the
operational range.

7.2 Algorithm Results

The result of the algorithm described previously
has a total data length of 281 samples, which will
be used to find the deterministic model. This
value represents close to 0.3% of the dataset for
this example, and the intervals found can be seen
as greyed sections in both Figure 3 and a close-up
in Figure 4.

Figure 3: Normalized SP and Process Variable
with Algorithm intervals

Figure 4: Close-up on first algorithm interva

7.3 Stochastic and Deterministic Model

The ”true system” in the experiment interval is
given by an approximation of a 1st order system
with a rise time of 32 seconds.
A total of three identifications were made for com-
parison between them and the system approxima-
tion. The first one is a default MATLAB R© N4SID
algorithm on the whole data, from which a distur-
bance model and a deterministic model are ob-
tained together. This system is called ”One-step
all data”, then using the inverse of the disturbance
model of the first identification, one obtains a fil-
tered dataset. With this filtered dataset, two OE
identifications were made, one considering all the
filtered dataset, which is called ”Two-step all data”
and another linking the algorithm resulting inter-
vals to the filtered data. This last system model
is called ”Two-step partial data”.
For a random gaussian disturbance with variance
0.0001, both the ”Two-step” models described
the system dynamics better than the ”One-step”
model, their step responses can be seen in Fig-
ure 2. The fit of all three models can be seen in
Figure 5, the best FIT rating is the one of the
”Two-step” partial data, followed by the ”Two-
step” Full data and then the One-step data. In
this case, both the system DC gain and dynamics
were better estimated with the ”Two-step” Partial
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Figure 5: FIT Ratings of the Identified Models

data model. However, while the ”Two-step” All
data model described the system dynamics bet-
ter, the ”One-step” was better at estimating the
DC gain. The problem is that since the loop is
closed with a PI controller, the DC gain is already
known beforehand. For a random gaussian distur-
bance 10 times higher, while the ”One-step”model
gets worse, being a bad representation of the sys-
tem if the data is not filtered, both ”Two-step”
models gets closer and keep being a good repre-
sentation of the system, with the same tradeoff
between a very minor improvement in dynamics
estimation versus DC gain estimation.

8 Conclusion

For a lengthy dataset with slightly bellow average
SNR, it’s not a good idea to identify the system
in one step without filtering the data first, as pre-
dicted by theory. The method of using the distur-
bance model as a filter for the data, has a lot of
successful cases in the literature.
One advantage is that one does not need to design
the low pass filter as normally is the case. The
model estimation with the algorithm intervals, in
spite of not being strictly better, in the results
presented, than identifying the process with the
whole data, gets a slightly better representation
of the dynamics, since the closed loop gain is al-
ready known. The big picture is that most his-
torical data found in the process industry can be
discarded for deterministic system identification
purposes, but can be used to generate a good dis-
turbance model, as exemplified here.
One advantage however, is that the amount of
data used for the OE estimation with the partial
data is much lower than the whole data set, and
that it can be used to scan old data in order to
try to find good intervals for model estimation.
One disadvantage of using the algorithm is that its
design parameters need to be fine tuned to catch
relevant intervals, and if one does that subopti-
mally, one can get a model of lower quality or do
not find anything when there is good data inter-

vals to find.
Further works on this might be an extension of
data-mining algorithm in order to treat the MIMO
case.

Mentions

Special mention to CAPES for the financial sup-
port in the form of a Master’s student scholar-
ship and to everyone that helped developing this
project.

References

Amirthalingam, R., Sung, S. W. and Lee, J. H.
(2000). Two-step procedure for data-based
modeling for inferential control applications,
AIChE Journal 46(10): 1974–1988.

Bar-Shalom, Y. (1985). Estimation with Applica-
tions to Tracking and Navigation, Wiley.

Bjorklund, S. and Ljung, L. (2003). A review
of time-delay estimation techniques, 42nd
IEEE International Conference on Decision
and Control 3: 2502–2507 Vol.3.

Kano, N., Seraku, N., Takahashi, F. and Tsuji, S.
(1984). Attractive quality and must-be qual-
ity, The Journal of the Japanese Society for
Quality Control 14(2): 39–48.

Maciejowski, J. (2000). Predictive Control with
Constraints, Prentice Hall.

Mora, J. A. A. (2014). Modelagem e simulação
de planta-piloto de vazão. Master Thesis -
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