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ABSTRACT

A new MPC controller design and method that may be applied to various different types
of model predictive control (MPC) controllers and methods for use in any desired or
appropriate controller setting, such as for plants, and can be imposed on conventional
predictive control schemes to provide tighter control when tracking complex setpoint
trajectories. The method introduces a correction parameter 1, independent of plant gain,
evaluated online at each control timestep to drive the plant output to its reference more
accurately than the original schemes. In a linear system, the correction parameter
converges to a constant when optimized (evaluated on-line). The new MPC controller
and method can also be applied on a nonlinear system. In a non-linear system, where the

time constant is non-linear, the correction parameter will be variable.
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MODEL PREDICTIVE CONTROLLER AND METHOD WITH
CORRECTION PARAMETER TO COMPENSATE FOR TIME LAG
TECHNICAL FIELD
This application relates to process control performed in, for example, an industrial
process plant, and, more particularly, relates to an improved model predictive controller

and method that uses a correction parameter o compensate for time lag.

DESCRIPTION OF BACKGROUND TECHNOLOGY

Research on Model-based Predictive Control (MPC) associated with theoretical work
and practical applications has flourished over the past 30 years. A broad body of
literature and a number of survey papers attest to this fact (Lee, 2011: Qin & Badgwell,
2003). MPC algorithms display a number of desirable features that enable them to be
robust. They can perform in the presence of nonlinearities and modeling errors and can
handle constraints and multi-variable plants (Diehl, Amrit, & Rawlings, 2011; Runzi &
Low, 2009). As the field of MPC is an ongoing area of research, recent developments on
new MPC algorithms include M-Shifted, extended predictive control, fast MPC, and
latent variable MPC (Abu-Ayyad & Dubay, 2006; Dubay, Kember, Lakshminarayan, &
Pramujati, 2006; Jesus & MacGregor, 2005). This in combination with advancements in
the computer industry have allowed the MPC algorithm to extend to applications
requiring small sampling times (Bolognani, Peretti, & Zigliotto, 2009; Diehl et al.,
2011).

Early application of MPC algorithms to the process industry were generally subjected
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to relatively simple reference or setpoint trajectories. In standard applications the
reference often settles at a fixed setpoint such as a temperature, a fluid level, or a speed in
the case of motor speed control. The MPC methodology has been recently introduced to
applications that include the field of robotics and Unmanned Aerial Vehicles (UAV)
(Gregor & Skrjanc, 2007; Kim & Shim, 2003; Ren & Beard. 2004). Other current
applications of MPC schemes include flexible manipulators (Hassan, Dubay, Li, &
Wang, 2007) and plastic injection molding (Dubay, Pramujati, Han, & Strohmaier,
2007). In these cases the desired reference trajectories can be more complex. Standard
MPC algorithms exhibit difficulty when tracking complex profiles (Golshan, MacGregor,
Bruwer, & Mhaskar, 2010).

Little work has been done in terms of complex reference tracking with MPC control: It
1s becoming increasingly important for advanced control schemes to be able to track
more complex reference trajectories for more efficient control (Ali, Yu, & Hauser, 2001;
Mayne, Rawlings, Rao, & Scokaert, 2000). From an industrial perspective, tighter
trajectory tracking can lead to better part quality and energy consumption. Latent variable
MPC is one algorithm that has been recently designed in order to optimize trajectory
tracking performance (Jesus &  MacGregor, 2005). The latent variable scheme has
successfully been applied to batch processes (Golshan et al., 2010; Lauri, Rossiter,
Sanchisa, & Martineza, 2010). The method is an effective solution to the complex
trajectory tracking problem but cannot be readily adapted to common or conventional
forms of MPC.

The tracking offset apparent when tracking complex reference trajectories is identified
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as a result of the open loop system time constants that are not accounted for in controller
prediction formulations. Different methods to correct steady state offset due to
disturbance or model mismatch have been developed ( Magni &  Scattolini, 2005:
Rawlings & Mayne, 2009). These methods have been designed for constant reference
5  trajectory tracking and do not eliminate the offset tracking that exists when tracking
slopes. Evidence of the complex trajectory tracking offset problem can be seen in Yang
and Gao (2000), Dubay et al. (2007), Dalamagkidis, Valavanis, and Piegl (2011), and

L1, Su, Shao-Hsien Liu, and Chen (2012).

10 BRIEF DESCRIPTION OF THE DRAWINGS
FIG. 1 is a block diagram representation of a typical prior art MPC controller and
control method;
FIG. 2 are graphs depicting control performance in the face of offset due to
disturbances and complex reference trajectories;
15 FIG. 3 is an enlarged view of portions of the graphs of FIG. 2;
FIG. 4 are graphs of prediction adjustment using a prior art MPC method;
FIG. 5. is a graph comparing reference trajectorics to response trajectories adjusted
using a correction parameter according to a certain embodiment of the present
invention;
20 FIG. 6 is block diagram representation of an MPC controller and control method
according to an embodiment of the present invention;

FIG. 7 is a graph of response dynamics;
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FIG. 8 is a graph of response dynamics;

FIG. 9 is a graph of error dynamics;

FIG. 10 is a graph of optimal values of sigma;

FIGS. 11-20 are graphs of control performance improvement according to
embodiments of the present invention;

FIG. 21 is an experimental setup in which an MPC controller and method according to
an embodiment of the present invention is implemented for control of a DC motor;
FIGS. 22-25 are graphs of results of the implementation of FIG. 21, and

FIG. 26 is a block diagram representation of an MPC controller and control method

according to an embodiment of the present invention

DETAILED DESCRIPTION

Generally speaking, a new MPC controller design and method is discussed herein that
may be applied to various different types of model predictive control (MPC) controllers
and methods for use in any desired or appropriate controller setting, such as for plants.
As used herein, "plants” includes plants, processes and systems. However, this new MPC
controller enhancement and method is particularly useful in control systems used to track
complex profiles in plants, such as in industrial process plants, such as manufacturing
plants, and can also be used for control in the automation industry, such as for robotics,
UAYV, injection molding and “smart technologies” where setpoints may be continuously
updated by efficiency algorithms instead of operators. The new MPC controller

enhancement and method is described herein as being implemented as an addition to
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conventional MPC algorithms that improve complex trajectory tracking performance at
low computation cost. Simulations are provided herein on a practical plant with
improved control performance as compared to the standard MPC schemes.

The new MPC controller enhancement design and method could also be implemented

in other types of control environments including, for example, as a part of a centralized

control system, or as part of a stand-alone control system, etc.

The new MPC controller design and methods described herein can be imposed on
conventional predictive control schemes to provide tighter control when tracking
complex setpoint trajectories. The method introduces a correction parameter 1,
independent of plant gain, evaluated online at each control timestep to drive the plant
output to its reference more accurately than the original schemes. The new MPC
controller and method can be applied to various systems that possess deadtime, higher
order and multivariable characteristics with improved closed loop control. This is
evidenced by significant reductions of mean square errors when using 7. In a linear
system, the correction parameter converges 10 a constant when optimized (evaluated on-
line). The new MPC controller and method can also be applicd on a nonlinear system.
The algorithm was tested in simulation and on a practical setup, with reduced tracking
error. In a non-linear system, where the time constant is non-linear, the correction
parameter will be variable.

In one embodiment, the present invention relates to a computer-implemented method
for correcting a prediction model output in a Model Predictive Controller for controlling

a plant including measuring the difference between the prediction model output and a
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reference; calculating a correction parameter based on the measured difference; and
applying the correction parameter to the prediction model output to adjust the prediction
model output for time lag. In certain embodiments, the steps of measuring the difference
and applying the correction are carried out on-line. In certain further embodiments, the
reference is a reference trajectory and the plant being controlled has a trajectory profile
where the reference trajectory is varying with respect to time. In certain further
embodiments, the method further includes providing the adjusted prediction model output
to an optimizer of the Model Predictive Controller. In certain further embodiments, the
step of calculating the correction parameter further includes applying an optimization
method to calculate the correction parameter. In certain further embodiments, the method
further includes calculating an offset error based on the slope of the reference trajectory
and using the offset error to calculate the correction parameter. In certain further
embodiments, the method further includes repeating the measuring, calculating and
applying steps at one or more additional sampling instances. In certain further

embodiments, the method further includes

In another embodiment, the present invention relates to a computer-implemented method
for correcting a reference in a Model Predictive Controller for controlling a plant
including measuring the difference between a prediction model output and the reference;
calculating a correction parameter based on the measured difference; and applying the
correction parameter to the reference to adjust the reference for time lag. In certain
further embodiments, the steps of measuring the difference and applying the correction
are carried out on-line. In certain further embodiments, the reference is a reference
trajectory and the plant being controlled has a trajectory profile where the reference

trajectory is varying with respect to time. In certain further embodiments, the method
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further includes providing the adjusted reference to an optimizer of the Model Predictive
Controller. In certain further embodiments, the step of calculating the correction
parameter further includes applying an optimization method to calculate the correction
parameter. In certain further embodiments, the method further includes calculating an
offset error based on the slope of the reference trajectory and using the offset error to
calculate the correction parameter. In certain further embodiments, the method further
includes repeating the measuring, calculating and applying steps at one or more

additional sampling instances.

In another embodiment, the present invention relates to a Model Predictive Controller for
controlling a plant including a controller unit that uses Model Predictive Control to
generate a prediction model; measures the difference between the prediction model and a
reference; calculates a correction parameter based on the measured difference; and
applies the correction parameter to the prediction model output to adjust the prediction
model output for time lag. In certain embodiments, the controller unit measures the
difference and applies the correction on-line. In certain further embodiments, the
reference is a reference trajectory and the plant being controlled has a trajectory profile
where the reference trajectory is varying with respect to time. In certain further
embodiments, the controller further comprises an optimizer and provides the adjusted

prediction model output to the optimizer.

In another embodiment, the present invention relates to a Model Predictive Controller for
controlling a plant including a controller unit that uses Model Predictive Control to
generate a prediction model; measures the difference between the prediction model and a
reference; calculates a correction parameter based on the measured difference; and

applies the correction parameter to the reference to adjust the reference for time lag. In

certain embodiments, the controller unit measures the difference and applies the

correction on-line.

Model predictive control
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Fig. 1 is a block diagram representation of a conventional general MPC algorithm in an MPC
controller 2. In general, MPC algorithms are composed of three main components: a model 4 of
the controlled plant 5, an optimizer 6 that evaluates control actions using an objective function
combined with an optimization strategy, and a prediction 8 coming out of the model 4 that
computes the future dynamic behavior of the plant output 9 or controlled variable.

The objective of MPC is to minimize the difference of the desired reference trajectory r(7+j)
and the predicted state of the plant j(7+j) for the duration of the prediction horizon N. The plant
model and an optimization algorithm are used to construct the prediction of the plant behavior y
and an evaluation of future control actions, u. In the next section, key theoretical derivations of

DMC and GPC algorithms will be presented for completeness and clarity.

Dynamic matrix control

DMC algorithms use a dynamic matrix P which represents the model of the controlled variable
y. The formulation of P requires only a normalized step response or impulse response of the
controlled variable. The dynamic matrix P for a single input single output (SISO) plant has

dimensions N X n, and is structured with an open loop test array p of length N:

Date Regue/Date Received 2021-08-02
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b, P 0
P= :2 :1 . : M
Pn Pw-n v Pp-ny

The parameter, n,, is the control horizon and represents the current and future control
actions. The length of the optimized control sequence u is 7.

The cost function J, which comprises future crrors is

.
J= X W+ —rt+DP
Je=

+ 3 AGAug4j- 1P , @
5 j=1

The symbol | indicates the value of the variable evaluated at time instant t with other
parameters in the similar sense. Least squares optimization can be used to minimize J

resulting in the change in control effort Au:

Au={P'P+ih"PTe (3)

10 where e is the predicted error and is determined by (r-y)) with r being a vector of length N
with all elements equal to r|, . The variable 4 is 2 move suppression constant that is added
to the diagonal of the PT P matrix term to improve its condition number (Abu-Ayyad &

Dubay, 2000).

15 The multivariable DMC is presented to encompass the applicability of DMC to the

multiple input multiple output (MIMO) case. This extension requires the construction of

Pm:
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Pm.l Pm,1+1 PLL
l)m-i-‘l,l pm+1}+1 Pn1+1,L
P = . . ) %)
Pya Parpr - Puy

where each element of Pp, is 2 matrix of dimension Nxn, representing the open loop
dynamics of m™ output due to the /' input. The matrix P therefore represents the M
controlled variables and their corresponding effects due to L manipulated variables. Each
of the Gy matrices is constructed analogous to P as in the SISO plant, using step or

impulse response data or otherwise.

Generalized predictive control

The GPC model formulation uses a controlled auto regressive with integrated moving
average (CARIMA) model to formulate its predictions. It is necessary to use Diophantine
recursion to formulate these predictions. The recursion is also used to obtain parameters
necessary for the evaluation of u.

The CARIMA model used in the SISO GPC algorithm is described by Eq. (5) ( Clark,
Mohtadi, & Tuffs, 1987):

&

Ay =B u(t- D+ )

A(z*) and B(z*) are polynomial coefficients that together describe the dynamics of the

plant being modeled and controlled. A backward shift operator z 'is imposed to indicate

10
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previous sampling instants. The motor setup used to demonstrate this research has a
manipulated variable expressed as a voltage input u. The controlled variable y(z) reacts to
u in the form of an angular speed. The CARIMA model relates y(¢) to u. The C(z?)
polynomial is truncated to a value of 1 when it is associated with disturbances to the
controller in the general form of white noise. Disturbances are represented by {{?) in the

CARIMA model and 4=1- z”. Therefore, the GPC CARIMA model can be rewritten as

A(z“l)y(°=“(2“‘>u(t—1)+£gl )

When considering a MIMO form of the CARIMA model A(z”7) and B(z!) are
polynomial matrices constructed from a transfer matrix 7(z”’) and the term C is an

identity matrix /-

A(Z_I)=lnxn'f‘A]Z‘l+A22—2+...+Ancz“na (7a)
B(Z~1):BO+BIZ-1+BZZ-2+'--+Ban_”5 (71))
C(Z-]) =l (7¢)

The CARIMA model matrices are used with Diophantine recursion to solve the model
matrices for the evaluation of the prediction in GPC algorithms. The necessary terms for
this evaluation are F, G and Gy for the SISO GPC algorithm and F, G and G, in the case
of the MIMO GPC algorithm ( Clark et al., 1987).

The cost function for GPC is

11
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SN = B e
J= Ny

Ny
+ 3 ANAuE+- 1P (8)

J=1

where N; and N; are the minimum and maximum costing horizons. Similar to DMC, Eq.
(8) can be solved using least squares optimization to obtain 4u, the control moves to the

DC motor;

Au =G G+~ Gl r-H )]

The G matrix and fterm are obtained from the Diophantine recursion.
The predicted response y in the GPC algorithm is evaluated at every sampling instant
as a combination of the free and forced response

¥ =Gu+Fz Hy()+Giz~ HAue—1) a0

The MIMO GPC is analogous to the SISO GPC algorithm where the long term prediction

18 expressed as

V(i) = Gz HAU(E 4+~ 1)+ Gz~ DAU(t—1)
+Fz Yy, j=N; Nz an

So that

f=Fz hHyt)+Gpz~ HAue-1) (12)

At every sampling instant the optimal 4u is evaluated using the matrices obtained from

12
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the Diophantine recursion and the prediction in both cases using Eq. (9).

Correction Parameter

In certain embodiments, the new MPC controller designs and methods suggested here are
to be considered for reference profiles that are continuous an& complex. The correction
parameter 1 is developed as a solution to the complex trajectory tracking problem for
MPC algorithms where disturbance and modeling errors have been addressed. The
following discussion uses a DMC algorithm and standard Laplace first order plant
models. Simulations and experiments are conducted in the next section using DMC and

GPC approaches to demonstrate the versatility of the 1-MPC solution.

n-MPC for sioped trajectory offset

Predictive controllers are increasingly being used to track profiles such as ramps,
sinusoids and other complex profiles. Current MPC formulation results in a steady error
observed in tracking sloped trajectories. The offset that is being discussed here is
identified as resulting from prediction formulation and plant time constants. Therefore,
traditional disturbance rejection and modeling error compensating methods are not
appropriate. Figs. 2 and 3 show the performances of three MPC approaches given a
known disturbance, they are a standard MPC algorithm, a disturbance based MPC
algorithm and an introduced n-MPC method with the disturbance rejection feature.

Figs. 2 and 3 demonstrate that even when a disturbance is known and accounted

13
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for there still exists an offset when using standard MPC methods to track ramp reference
trajectories. The MPC algorithm used in the simulation is DMC which accounts for
modeling errors by adding the difference of the first element of j and the measured plant
response. One of the reasons that the offset still exists is because the optimization of the
controller at each time instant is evaluated over the prediction horizon with a constant
future setpoint value. This standard approach is not appropriate for time varying
reference profiles. It is important to note that future reference trajectory may not always
be known and it is desirable to have a tracking solution that is independent of future
knowledge of the reference trajectory. In order to achieve this and reduce the offset crror,
the standard formulation of § needs to be altered in current MPC algorithms. To do so the

following assumptions are made.

Assumption 1. In order to adjust the prediction obtained by the MPC algorithm the
reference trajectory slope & will increase from instant (t) to instant (t +1) by the same
amount as it did from instant (t -1) to time instant (t). That is that & is constant from (t -1)
until (t +1):

Ee=rlp—1l_q (13)
Elpp1 — =1l —~Tlp-1 (14)

Assumption 2. Based on the performance of traditional MPC schemes, the
corresponding offset error is proportional to the slope of the reference trajectory.

Given the above assumptions, an initial adjustment to y is made as

14
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Ve=Y+& (15)

In support of the above assumptions the modification in Eq. (15) is applied to the
standard DMC algorithms and is simulated here. Fig. 4 shows the small improvement
that & makes for three different constant sloped setpoint profiles. For convenience of
presentation, the control actions are excluded from the remainder of simulation figures.

The simulation in Fig. 4 shows that the & adjustment to § reduces the offsct error e(t)
proportional to the trajectory slope. The difference in e(t) that this initial adjustment
makes is small but important because it is a factor in the complete #-MPC solution.

Next, the effects of 1 are considered. The removal of the offset is not achicved by &
because standard prediction formulations are not designed to track sioped trajectories and
therefore do not properly capture the effects of the system time constant. This is so since
the time constant of the system prevents immediate response during the prediction made
at each timestep and is magnified for sloped setpoint trajectories. Compensating for this
in combination with the ¢ adjustment provides the basis of the # solution.

When the transient properties of the controlled plant are constant, then multiplying &
by a compensating amount related to © will eliminate the offset. This amount is # and the
complete solution is expressed as an adjustment to the prediction. Note that the absolute

value of 7 is used because # is a scalar:

9q|l=9l:+mtlét (16)

15
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The m prediction form y 5 replaces the standard approach where n has the form of an
integral gain. In doing so the steady state offset is eliminated in a fashion similar to that
of a PID controller but without the direct relationship to plant parameters that a PID
would require. The results of implementing the prediction adjustment are shown in Fig. 5.
A block diagram representation of an n-MPC controller and method according to an
embodiment of the present invention is shown in Fig. 6. In this embodiment the
adjustment is applied to the prediction so that the optimizer reduces the error over the
prediction horizon where the error is:
e(t) =r(t) = 7 (©

Where

() = ¥(t) + adjustment
Note, this configuration can be modified so that the adjustment is applied 10 the
reference. Fig. 6 illustrates a manner in which a correction parameter for time lag can be
applied to a conventional MPC controller without knowledge of the process model
thereby increasing the performance of the MPC controller, particularly when used to
track complex trajectories. In particular, the MPC controller of Fig. 6 is similar to that of
Fig. 1 with like elements having the same reference numerals. However, an adjustment
10 (correction parameter) is provided to adjust for time lag and add this component to the
prediction 12 output by the MPC control algorithm. This allows the optimizer to
optimize for time lag.
A block diagram representation of an n-MPC controller and method according to another

embodiment of the present invention is shown in Fig. 26. The MPC controller of Fig. 26

16
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is similar to that of Fig. 6 with like elements having the same reference numerals.
However, the adjusiment 10 (correction parameter) is added to the reference trajectory
14. This allows the optimizer to optimize for time lag.In this embodiment the adjustment
is applied to the reference trajectory as opposed to the prediction as in the embodiment of
Fig.6. The optimizer reduces the error over the prediction horizon where the error is:
e(D) = 7,(t) = 9(1)
Where
1, (6) = 7(¢) + adjustment

Selection and tuning of n

For generality it is suggested that the value of n be calculated on-line with Eq. (17)
given the condition that the error, e, = 0 when using the correct value of 5 to track slopes.

Therefore, the value of # can be obtained using the previous value error as

M= -1+er1 (a7

The value of # at 1=0 is »; and for the purpose of this study will be selected as zero. The
solution is calculated on-line and is adjusted at every time instant. Therefore, this method
can be extended to non-linear controllers. The formulation of Eq. (17) can result in
aggressive control move compensation. To solve this a weighting factor ¢ is used to

condition the rate of change of »:

He=M_q+0€_1 (18

17
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Figs. 7, 8 and 9 present dynamics of a close loop MPC control when ¢ is varied and plant
parameters along with sloped reference trajectory remain constant. If ¢ is too large then 1 forces
excessive compensation in the calculation of the control actions resulting in oscillations in the
response as seen in Fig. 7. The aggressive estimation of # is to blame for the poor control
performance. The evolution of n for different values of ¢ is shown in Fig. 8.

On the other hand if the value of & is too small, then 1 slowly converges to its optimal value.
In this case the offset error is slowly reduced as seen in Fig. 9. If o = 0 then there will be no
change in n and if #; =0 then the control performance is that of a standard MPC where the offset
error is not accounted for. The thick line in Figs. 7, 8 and 9 emphasizes the desired dynamics that
can be obtained with proper selection of o.

Values of #; > 0 will have an effect on the dynamics of the response and can be conditioned
with proper selection of 6. The best value for ¢ will differ for slope trajectories because steeper
reference trajectories will allow more aggressive growth of # without introducing overshoot into
the response. In order to achieve the best control performance while using #-MPC to track sloped
trajectories the reference trajectory slope and #; along with controller parameters that affect
closed loop time constant characteristics will need to be considered. Basic optimization
techniques were used to conduct a preliminary investigation on how the best value of sigma is
affected by some plant parameters. The results while varying sampling time, dt and t, are shown
for a slope of 1 in Fig. 10. These preliminary results show large dependencies of ¢ on plant

properties.

18
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In the above explanation of n-MPC examples are shown using constant slope
trajectories. The n-MPC solution can easily be extended to continuous complex reference
trajectories by approximating those trajectories as a series of slopes. From assumption
one, the slope approximation is made on-line over three sampling instants. The results of
such approximations are favorable and are shown in the Simulations and Experimental
results sections, herein.

The formulation of the 1 introduces excessive growth during deadtime. To prevent this
and for convenience a simple scheme is used to limit the increase of #. The value of 1 is

evaluated
A=t~ (19)

and » is bounded to a maximum value. This process was used for the electric motor speed

control and simulation examples presented in the Simulations and Results sections.

Simulations

The following is a description of the four plants used to conduct simulations using
standard control schemes and schemes that include m. Important n-MPC design

parameters can be found in Table 1.

19
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Tatile 1
Important parameters for controller tuning.

Plant 7-DMC 7-GPC

o de o dt
Simulation Plant 1 0.01 0.02 0.5 0.02
Simulation Plant 2 40 5 4 5
Simulation Plant 3 2/2¢ 0.02 2/5% 0.02
Simulation Plant 4 03 0.1 09 0.1

# Qutput M1/Output M2.

Plant models

The results presented below are simulations obtained in order to demonstrate the
functionality of using 1. Four different types of plants are simulated to test 1. They are:
5 1. Linear first order
2. First order plus deadtime

Multivariable second order

(o8]

4. First order non-linear

10 Plant 1 is an elementary first order plant represented by the transfer function:
Y(s) 10

UG 05s+1 (20)

Plant 2 is described by Shridhar and Cooper (1997):

20
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e - 50s

O = T80 T T35y

21

This plant was chosen to challenge n solution because it displays significant deadtime.

Plant 3 is a coupled mass—spring system and is an example of n extended to MIMO
plants. This plant was also chosen to challenge # solution as it is a higher order lightly

5  damped system. The plant dynamics are described in Chen,Lin and Chen (2008):

0.58
O =T 5smrioT (223)
1.03
C2 ()= F 755151169 (22b)
, 0.68
Cn )= 583 11 (220
0.88
sz(s) e (ZZd)

s24+0.86s5+1.43

where Gi1 represents the effects of forces applied to mass 1 on the response of mass 1,
10  Gu2 represents the effects of forces applied to mass 2 on the response of mass 1, Gn
represents the effects of forces applied to mass 1 on the response of mass 2 and Gz

represents the effects of forces applied to mass 2 on the response of mass 2.

To investigate the potential of using non nonlinear plants, plant 4 is a system with

15  deadtime having nonlinear behavior (Abu- Ayyad & Dubay, 2010):
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Y, oy, 2.5
y(t} =yf 1 y2{ 2'7:(}’5 1 )
T+yi (+yroa+ue

23)

A unit step response of Eq. (23) is used to create the P matrix equation (1) and the

5 CARIMA model equation (6) for the design of the linear simulated DMC and GPC

controllers:
Y(s) 4.32e~03
U(s)~ 043s+1 29
10 Plant 4 in Eq. (23) is used in order to demonstrate the potential of using n methodology

to control nonlinear plants while the standard MPC linear structure remains intact Eq.

(23).

Results

15 The following are simulated controlled responses of the above four plants.

Plant 1

Fig. 11 shows the closed-loop response to tracking a complex trajectory approximated

as a series of slopes. The results presented in Table 2 show a comparison of mean
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squared error, MSE for the 1y approach (termed n-DMC) and the standard DMC.

Table 2
MPC and 4-MPC MSE results for plant 1.

Trajectory MSE, DMC MSE, n-DMC MSE, GPC MSE, 4-GPC

0.3291 03291 0.0809 0.0809

f—- 20,0406 3.8710 D.1646 0.0261

40777 02513 0.0327 0.0018

W\/\l 513.9359 684394 3.6982 0.4661
618.8692 8.4243 6.7357 0.1641

The above simulation tests using 1 conducted for DMC were repeated using GPC in
Fig. 12. The comparison of MSE for GPC and n-GPC was conducted and is presented in
5  Table 1.
The results in Figs. 11 and 12 demonstrate the control performance improvement that 7
makes over both standard algorithms, when tracking complex reference profiles for Plant

1. This is also evident in the reduction of MSE values as in Table 1.

10 Plant 2

The results of the simulations shown in Figs. 13 and 14 clearly present the

improvement of using # on the MPC controllers.
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In these simulations 1 handles the large deadtime attribute of Plant 2. Note that the
approach herc demonstrates tile use of an unconstrained 1 with an appropriate constant
value of o. Fﬁrther improvement can be achieved using a calculated varying value of .
The key point however is that the offset error is significantly reduced over larger time

scales.

Plant 3

The third simulated plant is a MIMO plant that is second order and lightly damped.
The i1 method can be extended to each output prediction of the MIMO plant.

In Figs. 15 and 16 7 is not constrained and as a result of the higher order dynamics,
relatively high oscillations are obtained. Comparatively, the offset error is significantly
reduced.

When n 1s constrained the overshoot is suppressed and the oscillation decay faster for
good sctpoint tracking. The simulated results of the constrained n simulations are
llustrated in Figs. 17 and 18 with improved closed-loop responses over the standard

MPC control algorithms.

Plant 4

The nonlinear Plant 4 simulation results are shown in Figs. 19 and 20.

Overall, both traditional controllers demonstrated improved control performance using
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M. A key point is that the n based GPC showed the best tracking since the structure of
GPC provides better prediction and consequently improved control. It should be noted
that this simulation demonstrates the effectiveness of 11 to a nonlinear plant: the
controllers are formulated using the linear transfer function equation (24) while simulated

y is obtained from the nonlinear model equation (23).

Experimental Results

Experiments were conducted on a motor/tachogenerator set-up depicted in Fig. 21 in
which the new MPC controller technique described herein may be implemented in the

process controller implemented in the CPU.

In the conducted experiment, dt=0.02 s and ¢ = 0:05 for the n-DMC and n-GPC
controllers. The results of DMC and n-DMC control performance of the electric motor

are shown in Figs. 22 and 23.

The MSE recorded during the experiments was reduced by an approximate factor of 8
using the n-DMC algorithm. GPC and 1-GPC were subjected to the same reference
trajectories as in the above test. The CARIMA mode! for both GPC controllers was
altered for these experiments to demonstrate how the n-GPC controller can compensate
for model mismatch. The model mismaich was created by modifying A(z - *) polynomial.

Similarly, a control performance improvement was observed as shown in Fig. 24
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demonstrating that model mismatch can be effectively handled by the n approach. The
result when removing the model mismatch is shown in Figs. 24 and 25.

While the improvement in both plots is not easily perceived, the MSE recorded during
the experiments was reduced by an approximate factor of 3 using the n-GPC algorithm.

Although the invention has been described with reference to the specific exemplary
embodiments intended to instruct and illustrate the invention, the disclosed MPC
controller and technique is not limited to those embodiments. Various modifications,
improvements and additions may be implemented by those with skill in the art, and such

modifications, improvements, and additions will not depart from the scope of the

mvention.

Also, those skilled in the art will understand that the partitioning of individual
components of the MPC controller blocks and controller units as described herein is
discretionary to those responsible for controller implementation and operation. It will be
understood that all of these functions can be implemented in any desired manner on any
desired device(s). Moreover, while the MPC controller technique described herein is
preferably implemented in software, it or any portions thereof may be implemented in
hardware, firmware, etc., and may be implemented by any other processor associated
with a process control system. Thus, the elements described herein may be implemented
in a standard multi-purpose CPU or on specifically designed hardware or firmware such
as an application-specific integrated circuit (ASIC) or other hard-wired device as desired.

When implemented in software, the software routine may be stored in any computer
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readable memory such as on a magnetic disk, a laser disk (such as a CD, a DVD, etc.}, a
flash drive or other storage medium, in a RAM or ROM of a computer or processor, in
any database, etc. Likewise, this software may be delivered to a user or a plant such as a
process plant via any known or desired delivery method including, for example, on a
computer readable disk, a smart card memory, a flash drive, or other transportable
computer storage mechanism or over a communication channel such as a telephone line,
the internet, etc. (which are viewed as being the same as or interchangeable with
providing such software via a transportable storage medium).

Moreover, the claims provided herein are properly construed to embrace all
modifications, variations and improvements that fall within the true spirit and scope of
the invention, as well as substantial equivalents thereof. Accordingly, other embodiments
of the invention, although not described with particularly herein, are none-the-less

comprehended within the scope of the invention.
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We claim:

1.

A method for controlling the functioning of a plant comprising:
acquiring plant output data from a sensor measuring a physical output of the plant;

inputting the plant output data into a computer system comprising a central processing

unit and model predictive controller,

measuring, using the computer system, the difference between a prediction model output

of the model predictive controller and a reference;

calculating, using the computer system, a correction parameter based on the measured

difference;

applying, using the computer system, the correction parameter to the prediction model

output to adjust the prediction model output for plant time constant;

using the adjusted prediction model output to adjust a physical input to the plant to
control the functioning of the plant.

The method of claim 1, including wherein the steps of measuring the difference and

applying the correction are carried out on-line.

The method of claim 1 or 2, wherein the reference is a reference trajectory and the plant
being controlled has a trajectory profile where the reference trajectory is varying with

respect to time.

The method of any one of claims 1 to 3, further comprising providing the adjusted

prediction model output to an optimizer of the model predictive controller.

The method of claim 3, wherein the step of calculating the correction parameter further

including applying an optimization method to calculate the correction parameter.

The method of claim 5, further including calculating an offset error based on the slope of

the reference trajectory and using the offset error to calculate the correction parameter.
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7. The method of any one of claims 1 to 6, further including repeating the measuring,

calculating, applying and adjusting steps at one or more additional sampling instances.

8. The method of any one of claims 1 to 7, wherein the reference is a value representing a

measurable physical state of the plant.

9. The method of claim 8, wherein the physical state of the plant is selected from the group

consisting of temperature, fluid level, and speed.

10.  The method of any one of claims 1 to 9, wherein further comprising providing the
adjusted prediction model output to an actuator for adjusting the physical input to the
plant to control the functioning of the plant.

11. A system for controlling the functioning of a plant comprising:

a sensor for acquiring plant output data by measuring a physical output of the plant; the
sensor connect to a controller unit to provide the plant output data to the controller unit,
the controller unit comprising a computer processor and memory communicatively
coupled to the processor which stores a computer program which, when executed by the

processor, performs a method for controlling the plant, the method comprising:
using Model Predictive Control to generate a prediction model,
measuring the difference between the prediction model and a reference;
calculating a correction parameter based on the measured difference;

applying the correction parameter to the prediction model output to adjust the

prediction model output for plant time constant; and

an actuator for adjusting a physical input to the plant to control the functioning of the
plant using the adjusted prediction model output.

12.  The system of claim 11, wherein the controller unit measures the difference and applies

the correction on-line.
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13.

14.

15.

16.

17.

18.

19.

20.

The system of claim 11 or 12, wherein the reference is a reference trajectory and the plant
being controlled has a trajectory profile where the reference trajectory is varying with

respect to time.

The system of any one of claims 11 to 13, wherein the controller further comprises an

optimizer and provides the adjusted prediction model output to the optimizer.

The system of any one of claims 11 to 14, wherein in place of the controller applying the

correction to the model output, the controller applies the correction to the reference.

The system of any one of claims 11 to 15, wherein the method for controlling the plant
further comprises calculating an offset error based on the slope of the reference trajectory

and using the offset error to calculate the correction parameter.

The system of any one of claims 11 to 16, wherein the method for controlling the plant
further comprises repeating the measuring, calculating, and applying steps, and repeating

the adjusting step, at one or more additional sampling instances.

The system of any one of claims 11 to 17, wherein the reference is a value representing a

measurable physical state of the plant.

The system of claim 18, wherein the physical state of the plant is selected from the group

consisting of temperature, fluid level, and speed.

The system of any one of claims 11 to 19, wherein the plant comprises an actuator
connected to the sensor whereby the physical input is adjusted via the actuator to control

the functioning of the plant.
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Fig. 13. Implementation of 5~-DMC on plant 2.
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Fig. 18. Implementation of constrained »-GPC on plant 3.
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n ~ DMC and DMC Appilied to Plant 4
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Fig. 19. Implementation of »-DMC on plant 4.
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n=GPC and GPC Applied to Plant 4
Control Performance
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Fig. 20. Implementation of 5-GPC on plant 4.
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Fig. 21. Experimental setup.
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Fig. 22. Implementation of »~-DMC on DC motor.
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DMC and v — DMC Experimental Results
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Fig. 23. Implementation of #~-DMC on DC motor and parameters.
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Fig. 24. Implementation of 4-GPC on DC motor.
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GPC and n - GPC Experimental Results
Control Performance
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Fig. 25. Implementation of -GPC on DC motor and parameters.
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