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Abstract— Industrial applications are often downgraded to
60% of their original performance in the first 6 months of their
execution. In most processes, these are still robust to process
specs and continue to be used as such. However, significant
performance improvement up to 40-50% is achievable by
retuning the controllers . For this, it is very relevant to have
methods applicable in practice to deliver better process models
to achieve better closed loop performance. In this paper, we
give such a solution that is based on closed loop data, i.e.
with the existing controller in operation. The measurement
interval is short and the test delivers data that is highly robust
to loop disturbances. The obtained process model is accurate
and can be further used to design a new controller or to
retune the existing one. To validate the proposed approach, two
case studies are considered: a non-minimum phase integrating
system and a poorly damped integrating one. The experimental
results demonstrate the robustness and efficiency of this novel
approach.

I. INTRODUCTION

The Proportional-Integrative-Derivative (PID) controller
[1] is still regarded as the main algorithm to control industrial
processes. Although several advanced control methods have
been developed, the PID is still widely used. The Model
Predictive Control (MPC) approach is highly suitable to be
used in industrial applications and a candidate to replace the
PID since compared to the latter it can handle constraints [2].
But, much like the PID, the MPC is a model based approach.
For MPC to produce excellent results, an accurate process
model is required in the prediction.

The simplest and industry-friendly methods used to extract
relevant process data have emerged with the popular Ziegler-
Nichols methods [3]. The closed loop (CL) test implies using
a P controller and driving the process to its stability limit,
which could be potentially hazardous in the presence of
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disturbance or noise. To avoid instability, the method was
replaced by the relay approach [4], with several extensions
and variations developed [5], [6]. Open or close loop tests
using step response data have also been proposed as alter-
native solutions to extract relevant process information [7],
[8]. Process models were also obtained based on the impulse
response [9], [10], [11]. Other alternative methods to obtain
accurate or simple process models are reviewed in [12], [13]
or [14]. The recurring feature of these methods is that they
require a great amount of data to identify a process model,
which is an important issue in industrial applications. Fast
tests that require minimum production losses are preferred.

In this manuscript, a reliable and simple solution for
estimating accurate higher order plus dead time (HOPDT)
process models is described. A short sine signal of a chosen
test frequency is applied to the process controlled by an
existing known PID. The measured CL output signal is then
used to estimate the impulse response of the CL system using
a filtering method. Later, using discrete Fourier transform,
the frequency response of the CL system is estimated in
a few points around the test frequency. The corresponding
process frequency response points are then computed using
the known controller transfer function and further used
to estimate with great accuracy a HOPDT process model.
Finally, the HOPDT model is used to tune an MPC con-
troller that replaces the existing controller and ensures better
closed loop performance. To compare the results, the process
frequency response is also used to tune PID controllers.
The experimental results obtained for two very different
processes show that the proposed methodology leads to
accurate process models that can be used successfully to
tune MPC/PID controllers. Compared to existing modeling
techniques, the method proposed in this paper is short,
accurate and suitable for both open and closed loop tests.
Compared to other test signals commonly used in system
identification, such as chirp, multi-sine or the pseudo-random
binary sequences, the proposed method uses a sine signal,
which is much easier to design for users in industry who are
not experts in signal processing techniques. The choice of
the sine signal is optimal since it ensures that the frequency
response is accurately estimated even in the presence of noise
and disturbances.

The manuscript is organized in 5 parts. Section II details
the closed loop method to determine the HOPDT model.
Section III demonstrates the robustness of the approach.
Section IV presents two case studies and the experimental
validation of the proposed methodology. The conclusions are
included in the last section.



II. DESIGN METHODOLOGY

The following assumptions hold:

1) The transfer function P(s) of the process is unknown.

2) A test frequency @ is selected. The process critical
frequency is a good choice; this can be easily detected
with a relay test. Detailed information regarding the
relay test can be found in [4].

3) A controller is used to stabilize the process and its
transfer function C(s) is fully known.

4) The settling time (ST) is known or has been estimated
experimentally.

First, two signals are defined as the impulse response (IR)-
explorer and the IR-extractor, with an example given in Fig.
1. The IR-explorer is a signal u(r) that contains 4 sections,
indicated by the red arrows in the upper plot of Fig. 1. These
4 sections can be repeated if needed.

Fig. 1. The IR-explorer, resulting output y(¢) and IR-extractor signals. Red
arrows indicate the 4 sections of the the test signal

The IR-explorer signal u(r) is obtained as a sum of 4 sine
signals with the same frequency ®. The first and the fourth
sine signals are positive ones, while the second and third
signals are negative sines. The direction of the red arrows
in the upper plot of Fig. 1 suggests the sign of the sine
signals. Each sine signal is delayed by approximately ST
seconds compared to the previous one, such that an integer
number of sinusoidal periods is obtained in each section.
Then, summing up all 4 sine signals leads to the final IR-
explorer signal u(¢) as indicated in the upper plot of Fig.
1.

As it will be further shown, each of these sine signals
produces either a positive or negative impulse response.
Delaying the sine signals by more than ST can be possible,
but it will not produce any more data regarding the process
as the IR coefficients will decay to zero afterwards. The
resulting IR signals are indicated in Fig. 1 lower plot. For
accurate estimations of the IR signal, these 4 signals are
averaged. In case of noisy signals, a repetition of the 4
sections in the signal u(r) will reduce the signal to noise
ratio and will provide for a better IR signal estimation.

Once the signal u(r) has been properly designed and
applied to the input of the process, the output is measured
and further used to estimate the process IR. The estimation
is based on a simple and efficient method indicated in Fig. 2.
Assume here that the Laplace transform of the test signal u(7)
is denoted as F(s), since U(s) = F(s)A(s), where A(s) =1,
since 6(¢) is the Dirac impulse. The test signal u(¢) is applied
to the input of the closed loop system, denoted as 7'(s) and
thus Y (s) = T (s)U (s), according to the upper block diagram
in Fig. 2. Then, swapping the 7' (s) and F(s) blocks leads to
the lower diagram in Fig. 2. This time, the Dirac impulse is
applied (theoretically) to the input of T(s) resulting in the
real IR, denoted as A(z). This is further fed to the filter F(s)
and this results in the output y(¢) of the closed loop system
(similarly to the upper block diagram). The simplicity of the
methodology resides from here: further filtering of the output
y(z) with the filter ﬁ leads to an estimation of the IR of
the closed loop system, denoted as fz(t) As indicated in Fig.
1, for each section of the input u(¢) an estimation of IR is
obtained. The final process IR is obtained by averaging over
all IR estimations.

Fig. 2. Block diagram to obtain the process impulse response

Remark 1: In practice, u(z) is applied to the input of the
closed loop system. The output y(¢) is measured and then
used to estimate the IR /(r) using the inverse of the filter
F(s). In noisy free situations, h(t) = h(r).

Remark 2: The amplitude of the signal u(z) should be
chosen such that the output of the closed loop system avoids
saturation or reaching safety limits.

The next step consists in calculating the frequency
response of the closed loop system, 7T (jo), in
a few points around the test frequency (e.g.
w; = 0.80w,0.85®,...,®,...,1.15®,1.20®). This is done
using the DFT:

T(jo) :/ h(t)e 7@ d (1)
0
Nl
T,=T(jo) =T, Y, he /o 2)
k=0

where N; is the number of measured samples and T is the
sampling period with t = kT, hy = h(kT;) and Q; = o;T; is
the constant discrete frequency.

For each frequency ®j;, the frequency response point C;
of the controller can be easily computed since the controller
transfer function is completely known (Assumption 3 above).
The process P, = P(jw;) frequency response points can be
determined based on:
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The complex numbers P; are further used to estimate a
HOPDT transfer function, denoted as M(s):

P =P(jo;) = 3)
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where bg is the static gain and assumed to be fully known,
T is the time delay, N, and N, are the number of poles and
zeros, with N, > N,. To estimate the HOPDT parameters in
(4) the standard Non Linear Least Squares (NLLS) algorithm
is used and defined as:

{7%,0"} :argmienV(T,Q) 3)
T,

where 6 = [ajas...an,|b1b;...by,], with the cost function
V(t,0) to be minimized given as:

V(r.0) =Y |P(jon) —M(jor) | (©)

The NLLS algorithm is implemented using the Matlab
function Isqnonlin. The method is repeated for several (rea-
sonable) values of the orders (N, Np), each of them leading
to an optimal cost V*(N,,N,); the final order selection for
the HOPDT model is then based on the comparison of these
V* values. To solve the LS problem, the number of points P;
should be larger than w Practice shows that convergence
is fast and choosing much more points than necessary is of
no real benefit. The method has been further described and
tested on many simulated examples in [15].

III. A ROBUST CHOICE OF THE FILTER F(s)

In what follows, we show that the filter F(s) used to
estimate the process IR can be chosen in a robust way to
ensure accurate estimation of the frequency response points
T;. Assume that noise and disturbances affect the output y(z).
These are considered hereafter as stochastic disturbances d(7)
modeled as colored noise with zero mean value. The output
is then:

Y(s)=T(s)U(s)+D(s) (7)

with D(s) defined as the Laplace transform of the disturbance
d(t).

The estimated IR H(s) of the process is then computed,
according to Fig. 2:

A(s) = ﬁws) - ﬁ[m) LTOUE)] ®)
which leads to
A(s) = ﬁD(s) + %T(S)F(S)A(s) - ﬁD(s) +H(s)

9)

According to (9), the accuracy of the estimation is affected
by the disturbance. However, an adequate choice for the filter
F(s) can limit the effect of the disturbance around @. As it

has been shown in Section II, the filter F(s) is in fact the
Laplace transform of the input u(z). Since u(¢) is a sine signal
of the test frequency @, then:

F(s)= 5——= 10
)= 5= (10)
The inverse of F(s) is then given as:
2, =2
Nt o ()
Fl(s)= 11
() =% an
with the magnitude computed at the test frequency ®:
52 =2
Y —0°+ 0
F(j@)| = —2—=0 (12)

which clearly shows that this choice for the filter F(s)
effectively limits the disturbances around the test frequency
®. Thus, the filter is robust and ensures accurate estimation
of the IR at the test frequency @.

For comparison, if a step signal is used instead for u(r),
the filter would be given by:

13)

with the inverse defined as % = and the corresponding

magnitude at the test frequency |F ! (j@®)| = @. In this case,
the disturbance is not eliminated.

Remark: The sinusoidal test signal u() is used to produce
accurate estimations at the test frequency and close to it, in a
total of 9 frequency points 0.8® < @; < 1.2@®. Fig. 3 shows
the magnitude plots of the two inverse filters previously
discussed. It is obvious from here, that good estimations can
be obtained around the frequency of interest using the sine
test signal, compared to the step test signal.

Fig. 3. Magnitude plot of F~!(jw) corresponding to step and sine signals

IV. EXPERIMENTAL RESULTS

Two different types of processes are considered. The first
one consists in the Quanser 2-tank system, a non-minimum
phase integrating process. The second one is a high order
poorly damped integrating mass-spring-damper system. In
both cases, a P controller is first used to stabilize the process.
Then, a test signal u(¢) is applied as the stepoint to closed
loop system to estimate a few process frequency response



Fig. 4. a) left - The Quanser two-tank coupled system used as a case study
b) right - The schematic diagram of the Quanser two-tank coupled system

points according to the proposed methodology from Section
1L

A. Case study: coupled two-tank system

The process considered in this first case study is the
coupled-tank system built by Quanser and given in Fig.
4 a), with the schematic diagram in Fig.4 b). The input
signal is the pump flow u(t) = V;(¢), while the output y(¢) =
hy(t)) is considered to be the water level in Tank 2, at
the bottom. A second pump is used to extract water from
Tank 2. The resulting water flow is considered as an output
disturbance d(t) = V, (). Theoretical insight regarding the
governing equations that link the input flow to the level in
Tank 2 suggests that this process is non-minimum phase and
integrating [16]. In order to apply the methodology described
in Section II, the process is stabilized using a P controller
with the proportional gain k, = 0.2. The test frequency is
chosen as @ = 0.042 rad/s (the process critical frequency
ie. ZP(j®) = —180°).

Next, the input signal u(r) is constructed using the ap-
proach in Section II and applied as the setpoint of the closed
loop system. The process is affected by disturbances and
noise. Two test sequences are used to reduce the signal-to-
noise-ratio and allow for a better estimation of the IR. The
applied input sequence u(t) is given in Fig. 5, upper plot.

The measured output of the closed loop system is given
in Fig. 5 middle plot. The filter F(s) is constructed as:

Fls) — 0.042

6= 2002
and its inverse is used to produce the estimated (extracted)
IR response given in Fig. 5 lower plot. The real unit IR of the
closed loop system is also given in this plot for comparative
purposes and has been obtained using a theoretical model
of the two-tank system [16]. The extracted IR is then used
to compute the frequency response points of 7; using (2),
which in turn are employed in the estimation of the process
frequency response points P; based on (3), where C(jw;) =

(14)

Fig. 5. The test sequence, measured output, real (red line) and estimated
(blue line) IR for the two-tank system

0.2. The result of the NLLS algorithm leads to the following
process transfer function:

p(s) — —0:1645-+0.00461
~ 5(s+0.0678)

Fig. 6 shows the Nyquist plots of the estimated HOPDT
model in (15) and the theoretical model of the two-tank
system. The frequency response points are also included. The
comparative results show that the methodology has produced
an accurate estimation of the process frequency response
points and process model.

—S
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Fig. 6.  The Nyquist plots and 9 frequency response points for the
theoretical model (TM) and the estimated model (HOPDT) using the
proposed methodology for the two-tank system

A MPC controller is now designed to control the level
in Tank 2. The estimated mathematical model in (15) is
used as the prediction model in the Extended Prediction
Self Adaptive Control (EPSAC) approach [17]. For com-
parison purposes, an autotuning method is used to tune a
PID controller with proportional gain k, = 0.22, integral
and derivative time constants 7; = 122 and T; = 16 [16].
The closed loop results with the EPSAC controller and
the PID are given in Fig. 7, for both reference tracking
and disturbance rejection. The results show that the MPC



manages to achieve better closed loop performance with no
overshoot and a faster settling time. The drawback is that
it requires a good prediction model that should be easily
obtained to be worthwhile. Using the proposed methodology
in Section II, obtaining such a model is not an issue.

Fig. 7. Comparative closed loop results using the MPC vs the PID for the
two-tank system

B. Case study: the mass-spring-damper system

The second case study considered in this paper is the mass-
spring-damper (MSD) pilot plant given in fig. 8. It has one
input, the voltage to the motor u(t) and two outputs, the
positions of the two masses (M1 and M2) measured by the
encoders. The driving force executed by the motor is the
actuator and it is proportional to the input voltage u(t). It
is directly acting on M1. If we are interested to control the
position of M1, actuator and sensor are thus both on the same
mass; this is called collocated control. If we are interested
to control the position of M2, actuator and sensor are on
different masses; this is called non-collocated control. Non-
collocated control is much more difficult than collocated
control. In the current example the focus is on the control
of M2, thus non-collocated control. The position of mass
M2 is denoted as y(z). The Ist and the 3rd springs have
been disconnected, which turns this setup into an integrating
system.

Fig. 8. The MSD used in the second case study

In order to apply the methodology described in Section
II, the process is first stabilized using a simple proportional

controller with k, = 0.1. The test frequency is selected to
be @ =9 rad/s. Stochastic disturbances affect the system. To
improve the signal-to-noise-ratio, two test sequences have
been applied at the input of the closed loop system. The test
signal u(t) is given in Fig. 9, upper plot. The measured output
y(t) of the CL system is given in the same figure, middle
plot. The real IR of the closed loop system is displayed in the
lower plot and has been obtained using a theoretical model
of the MSD system. To produce the extracted (estimated) IR,
the inverse of the filter in (16) is used:

9
Fls)= 52492

Notice in this case that the real and estimated IR are quite
similar.

(16)

Fig. 9. The test sequence, measured output, real (red line) and estimated
(blue line) IR for the MSD system

The extracted IR is then used to estimate 9 frequency
response points of 7; using (2), which in turn are utilized to
compute the process frequency response points P; based on
(3), where C(jw;) =0.1. The result of the NLLS algorithm
leads to the following process transfer function:

Pls) = 10087 .
 s(s+2.61)(s2+2.53s + 125)

Fig. 10 shows the Nyquist plots of the estimated HOPDT
model in (17) and the theoretical model of the MSD. The 9
frequency response points are also included. The comparative
results show that the methodology has produced accurate es-
timations of the frequency response points and consequently
of the process model.

The MPC is now designed to control the position y(f).
The estimated mathematical model in (17) is used as the
prediction model. The EPSAC approach is used here, as
well [17]. For comparison purposes, a PID controller is
also designed using the FRtool [18], with the parameters:
k, =0.09, T; =2.2 and T; = 0.18 . The closed loop results
with the EPSAC controller and the PID are given in Fig. 11.
The results show that the MPC manages to achieve better
closed loop performance with less output oscillations and
a faster settling time. The drawback is that it requires a

—0.08s

a7)



Fig. 10.  The Nyquist plots and 9 frequency response points for the
theoretical model (TM) and the estimated model (HOPDT) using the
proposed methodology for the MSD system

good prediction model that should be easily obtained to be
worthwhile. Using the proposed methodology in Section II,
obtaining such a model is not an issue.

Fig. 11. Comparative closed loop results using the MPC vs the PID for
the MSD system

V. CONCLUSIONS

Process models are usually difficult to obtain and time con-
suming, although they endorse optimally tuned controllers.
Industry is primarily interested in shortcuts to obtain accurate
process models in a fast and inexpensive manner.

In this paper, relevant process information was obtained
using a closed loop test, with an existing controller in op-
eration. The only requirement is that the currently operating
controller transfer function is completely known — but this
is usually the case as this is designed/tuned by the process
operator. In this context, limited changes to industrial loops
are required to obtain the process data, which is a major
advantage of the proposed novel approach. Additionally, the
test is short and minimally invasive and does not require
shutting down the plant.

The proposed short sine test estimates first the IR of the
closed loop system and its frequency response at a few

frequencies close to the test frequency. Using the known
controller transfer function, the process frequency response
in these points can be estimated and later used to determine
accurately a HOPDT model. The method is robust to dis-
turbances, and the HOPDT model has great accuracy. MPC
has the potential to replace the PID in industrial applications,
but accurate models are needed in the prediction step. In this
paper, the use of MPC is enhanced by obtaining accurate
HOPDT prediction models in a fast and reliable way. As
such, the proposed methodology aids to a wider acceptance
of the MPC as a control solution in industrial applications.
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