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(57) The embodiments described herein include one
embodiment that provides a control method including de-
termining a linear approximation of a pre-determined
non-linear model of a process to be controlled, determin-
ing a convex approximation of the nonlinear constraint
set, determining an initial stabilizing feasible control tra-

jectory for a plurality of sample periods of a control tra-
jectory, executing an optimization-based control algo-
rithm to improve the initial stabilizing feasible control tra-
jectory for a plurality of sample periods of a control tra-
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Description

BACKGROUND

[0001] The invention relates generally to control systems and more particularly to deterministic optimization based
control of systems.
[0002] Generally, control system, such as an industrial plant or a power generation system, may be dynamic and
include various constraints. For example, the constraints on the control system may be the result of actuator limits,
operational constraints, economical restrictions, and/or safety restrictions. Accordingly, control of such a multivariable
constrained dynamic system may be complex. Techniques such as coupled multi-loop proportional-integral-derivative
(PID) controllers may not be best suited for handling the control of such complex control systems. On the other hand,
one process control technique capable of handling the multivariable constraints is optimization based control (OBC).
Specifically, OBC may improve the performance of the control system by enabling the system to operate closer to the
various constraints (i.e., via dynamic optimization).
[0003] However, OBC may be computationally demanding because the dynamic optimization calculation may involve
solving a constrained optimization problem such as quadratic programming (QP) problems at each sampling time.
Utilizing a general solver may take seconds or even minutes. In addition, it may be difficult to predict the time it takes
for the optimizer to solve the constrained optimization problems. Accordingly, to utilize OBC to control systems with
faster dynamics, it may often be beneficial to enable deterministic OBC to provide a feasible control action within a
predetermined control time.

BRIEF DESCRIPTION

[0004] Certain embodiments commensurate in scope with the originally claimed invention are summarized below.
These embodiments are not intended to limit the scope of the claimed invention, but rather these embodiments are
intended only to provide a brief summary of possible forms of the invention. Indeed, the invention may encompass a
variety of forms that may be similar to or different from the embodiments set forth below.
[0005] A first embodiment provides a control method including determining a linear approximation of a pre-determined
non-linear model of a process to be controlled, determining a convex approximation of the nonlinear constraint set,
determining an initial stabilizing feasible control trajectory for a plurality of sample periods of a control trajectory, executing
an optimization-based control algorithm to improve the initial stabilizing feasible control trajectory for a plurality of sample
periods of a control trajectory, and controlling the controlled process by application of the feasible control trajectory within
a predetermined time window.
[0006] A second embodiment provides a control method, including, based upon a predetermined change of state of
a non-linear process to be controlled, determining a linearized model of the non-linear process, cyclically repeating
execution of an optimization-based control algorithm to determine a feasible control trajectory for a plurality of sample
periods of a control trajectory, and controlling the controlled process by application of the feasible control trajectory.
[0007] A third embodiment provides a control system, including memory circuitry for storing executable code, and
processing circuitry for executing the code. The code defining steps that, when executed determines a linearized model
of a non-linear process to be controlled, executes an optimization-based control algorithm to determine a feasible control
trajectory for a plurality of sample periods of a control trajectory, and controls the controlled process by application of
the feasible control trajectory.

DRAWINGS

[0008] These and other features, aspects, and advantages of the present invention will become better understood
when the following detailed description is read with reference to the accompanying drawings in which like characters
represent like parts throughout the drawings, wherein:

FIG. 1 depicts a block diagram of an embodiment of a control system utilizing deterministic optimization-based
control (OBC):

FIG. 2 depicts a block diagram of an embodiment of the deterministic optimization-based control from FIG. 1;

FIG. 3 depicts a block diagram of an embodiment of the processing circuitry from FIG. 2;

FIG. 4 depicts an embodiment of a deterministic OBC module communicatively coupled to other modules within the
control system.
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FIG. 5 depicts a flow chart of an embodiment of deterministic optimization control of the control system depicted in
FIG. 1; and

FIG. 6 depicts an embodiment of a covexification process described in FIG. 5.

DETAILED DESCRIPTION

[0009] One or more specific embodiments of the present invention will be described below. In an effort to provide a
concise description of these embodiments, all features of an actual implementation may not be described in the speci-
fication. It should be appreciated that in the development of any such actual implementation, as in any engineering or
design project, numerous implementation-specific decisions must be made to achieve the developers’ specific goals,
such as compliance with system-related and business-related constraints, which may vary from one implementation to
another. Moreover, it should be appreciated that such a development effort might be complex and time consuming, but
would nevertheless be a routine undertaking of design, fabrication, and manufacture for those of ordinary skill having
the benefit of this disclosure.
[0010] When introducing elements of various embodiments of the present invention, the articles "a," "an," "the," and
"said" are intended to mean that there are one or more of the elements. The terms "comprising," "including," and "having"
are intended to be inclusive and mean that there may be additional elements other than the listed elements.
[0011] The present disclosure is generally directed toward systems and methods for deterministic optimization-based
control (OBC) of a control system, such as an industrial plant, a power generation system, or the like. Generally, control
systems may utilize process control techniques to control the system. For example, some control systems utilize pro-
portional-integral-derivative (PID) controllers coupled in a multi-loop configuration. Multi-loop PID controllers may offer
a fast real-time control of a control system. In addition, PID controllers may run on embedded systems with less com-
putational power. However, when control system has complex dynamics and/or its operation is constrained, the com-
plexity of the process control may greatly increase and multi-loop PID controllers may not provide adequate control. For
example, the control system may include processes with large dead times or non-minimum phase dynamics.
[0012] One process control technique for control of dynamic multivariable systems is optimization-based control (OBC),
which can offer better control (e.g. reduces process variations to enable operation closer to constraints at more profitable
operating points). Specifically, OBC uses a process model to predict future process output trajectories based on process
input trajectories. In other words, OBC computes trajectories of manipulated variables to optimize the objective function
(i.e., minimize costs). As used herein, the cost includes the determination of how well the output trajectories match the
desired setpoints. It should be appreciated that in linear control systems, the cost may be captured as a quadratic
programming (QP) problem. Accordingly, the dynamic optimization included in the OBC may be computationally complex
and run on computer servers with general solvers, which may take seconds or even minutes to produce a solution. Thus,
to include OBC on an embedded system for real-time process control, it may be beneficial to improve the efficiency of
OBC while ensuring that it is stabilizing.
[0013] Accordingly, one embodiment provides a control method including determining a linear approximation of a pre-
determined non-linear model of a process to be controlled, determining a convex approximation of the nonlinear constraint
set, determining an initial stabilizing feasible control trajectory for a plurality of sample periods of a control trajectory,
executing an optimization-based control algorithm to improve the initial stabilizing feasible control trajectory for a plurality
of sample periods of a control trajectory, and controlling the controlled process by application of the feasible control
trajectory within a predetermined time window. In other words, deterministic OBC may be utilized for real-time control
of systems with fast dynamics by including a stabilization function to produce a stable feasible solution (i.e., a solution
that does not increase the cost function) available for each predetermined sampling time.
[0014] By way of introduction, FIG. 1 depicts an embodiment of a control system 10 for a plant/process 12. Generally,
the control system 10 may control the functioning of the plant/process 12, which may be an industrial manufacturing
system, an automation system, a power generation system, a turbine system, or the like. Accordingly, as depicted, the
control system 10 may control the plant/process 12 to transform material inputs 14 into material outputs 16. For example,
the plant/process 12 may be a sugar crystallization process that transforms sugar syrup (i.e., material input14) into sugar
crystals (i.e.. material output 16). In addition, the control system 10 may control the output variables (i.e., controlled
variables) 18 by manipulating the input variables 20 (i.e., manipulated and disturbance variables). Going back to the
sugar crystallization example, the control system 10 may manipulate a steam valve (i.e., manipulated variable) to control
a temperature (i.e., controlled variable). In some embodiments, the material input can be a manipulated variable as well
(for example a controller can control the feed rate for a material input to the plant).
[0015] To optimize the control of the plant/process 12, the control system 10 may further include optimization based
control (OBC) 22 configured to find a stabilizing feasible solution for an optimization problem within a predetermined
time window. In other words, the OBC 22 may determine feasible actions (i.e., solution) for the control system 10 to
take. Specifically, the OBC 22 may be configured to determine a control trajectory 26 (i.e., a set of actions) over a control
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horizon (i.e., period of time to take the actions). Accordingly, the OBC 22 may sample the state of the plant/process 12
at specified sampling times. In some embodiments, the state of the plant/process 12 may include the previous output
variables 18, a desired output trajectory 23, a desired control trajectory 24, or any combination thereof. Based on the
sampled state of the plant/process 12, the OBC 22 may determine the control trajectory 26 (i.e., a feasible solution to
the optimization problem) during the control time. As used herein, control time refers to the time during which the
plant/process 12 is functioning, which may be in real-time. After the control trajectory 26 is determined by the OBC 22,
in some embodiments, the control trajectory 26 is compared to the desired control trajectory 24 in a comparator 32 to
determine the input variables 20 to the plant/process 12 (i.e., actions to be taken in the control system 10). Alternatively,
the control trajectory 26 may be directly reflected in the input variables 20. It should be appreciated that the OBC 22
may be implemented on an embedded system, such as ControlLogix, available from available from Rockwell Automation,
of Milwaukee, Wisconsin.
[0016] To facilitate determining the control trajectory 26, as depicted, the OBC 22 includes a pre-determined model
28 and a deterministic solver 30. Specifically, the deterministic solver 30 may use a feasible search strategy, such as a
primal active set method, to determine solutions to the constrained optimization problem. As will be described in more
detail below, a feasible search strategy begins at a starting point within the feasible region of the control system 10 and
moves around the feasible region to search for an optimum feasible solution (i.e., control trajectory with minimum cost).
In other words, the deterministic solver 30 may determine various feasible actions (i.e., control trajectories) that may be
taken by the control system 10. Based on the feasible solutions determined by the deterministic solver 30, the model
28 may be utilized to predict the behavior of the process/plant 12. In linear systems or non-linear systems with a linear
approximation, the model 28 may be a linear model such as a state space model, a step or impulse response model,
an autoregressive with exogenous terms (ARX) model, a transfer function model, or the like. As such, the OBC 22 may
compare the cost of each feasible solution and select the control trajectory 26 with the lowest cost.
[0017] Ideally, the control trajectory 26 determined is the optimum solution with the lowest cost associated, but, as
described above, the optimization calculation may be complex. Accordingly, as will be described in further detail below
in the Detailed Example section, the techniques described herein aim to increase the efficiency of the dynamic optimization
calculation. For example, the techniques described herein may modify an objective (i.e., cost) function to define the
control system 10 constraints with simple bounds. Thus, the dynamic optimization computation may be greatly reduced
and executed on an embedded system because many dynamic optimization solvers (e.g., quadratic-programming (QP)
solvers) more efficiently handle simple bounds compared to complex constraints.
[0018] Although the dynamic optimization may be efficiently configured, the OBC 22 may not always find the optimum
(i.e., lowest cost) control trajectory 26 during each control time. However, in practice, a stable sub-optimal control
trajectory 26 may be sufficient. As used herein, the control trajectory 26 is stabilizing when the cost does not increase
compared to the previous step by taking the actions.
[0019] To facilitate the functions described herein, it should be appreciated that the OBC 22 may include a processor,
useful for executing computing instructions (i.e., steps), and memory, useful for storing computer instructions (i.e., code)
and/or data. As depicted in FIG. 2, the OBC 22 may implement the processor through processing circuitry 34 and the
memory through memory circuitry 36. More specifically, the processing circuitry 34 may be configured to handle the
general functionality of the control system, such as controlling actuators, as well as the functions of OBC 22, such as
dynamic optimization. In addition, as depicted in FIG. 3, the processing circuitry 34 may include multiple processing
components (e.g., parallel processor cores or separate processor modules), which may enable the processing circuitry
34 to better manage various functions. For example, as depicted, a first processing component 38 may perform the
general operations of the control system 10. The general operations of the control system 10 may include controlling
components of the control system 10, performing calculations, and the like. As for the OBC 22 functions, the computa-
tionally intensive dynamic optimization may be performed on the second processing component 40. Accordingly, this
enables the dynamic optimization to be called from the first processing component 38 and executed synchronously or
asynchronously on the second processing component 40, which may improve the efficiency of the optimization calcu-
lation. Alternatively, it should be appreciated that the dynamic optimization may be performed on the first processing
core 38 along with the general functions of the control system 10. Furthermore, as depicted, the processing circuitry 34
includes N processing components, which may each be configured to handle different functions, such as calculating a
linear approximation, of the control system 10.
[0020] Turning back to FIG. 2, the memory circuit 36 may store computer instructions (i.e., code) describing the model
28, the deterministic solver 30, configuration parameters 42, as well as other instructions 44, such as computing virtual
measurements for unmeasured process variables for the general functioning of the control system 10. Specifically, the
instructions stored in the memory circuit may be configured to guide the functioning of the model 28 and the deterministic
solver 30. Accordingly, the memory circuitry 36 is communicatively coupled to the processing circuitry 34 to enable to
processing circuitry 36 to read and/or execute the instructions (i.e., steps).
[0021] Furthermore, the depicted embodiment of the OBC 22 further includes an output interface 46, a user interface
48, a network interface 50, and a feedback interface 52. Specifically, the user interface 48 may be configured to enable
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a user to communicate with the OBC 22. For example, as depicted in FIG. 4, the user interface 48 may include a graphical-
user-interface (GUI) 54 configured to display metrics of the OBC 22, such as the control trajectory 26 determined. In
addition, the user interface 48 may include buttons 56, which enable the user to input commands to the OBC 22. Similar
to the user interface 48, the network interface 50 may enable a user to communicate with the OBC 22 over a network
58, such as a wide-area-network (WAN). In some embodiments, the network 58 may be a EtherNet/IP Network or a
ControlNet Network, available from Rockwell Automation, of Milwaukee, Wisconsin. More specifically, as depicted in
FIG. 4, the network interface 50 may be communicatively coupled to the network 58 via a communication module 60.
Alternatively, the network interface 50 may be communicatively coupled directly the network 58 through the backplane
of the OBC 22. Furthermore, as depicted, the network 58 may be communicatively coupled to a remote monitoring/control
system 62, such as a supervisory control and data acquisition (SCADA), to enable the user to remotely communicate
with the OBC 22. Accordingly, as depicted in FIG. 2, both the user interface 48 and the network interface 50 are
communicatively coupled to the processing circuitry 34 to enable user commands to be communicated to the processing
circuitry 34 and information concerning the OBC 22 to be communicated to the user. Note that each module in memory
circuitry 36 may be configured such that it can respond as a server responding to the queries from various interfaces.
For example, the model module 28 can be queried by the user interface to report its fidelity. In addition the model module
28 may be called by solver code module 30 to determine the optimal control trajectory.
[0022] Turning back to FIG. 2, as described above, the OBC 22 may be configured determine stabilizing feasible
control trajectories for the control system 10 based on feedback from the plant/process 12. As such, the feedback
interface 52 may be configured to receive feedback, such as the previous output variables 18, the desired output trajectory
23, the desired control trajectory 24, or any combination thereof, and communicate it to the processing circuitry 34. For
example, the feedback interface 52 may be a serial port located on the backplane of the OBC 22, which enables the
OBC 22 to receive samples from sensors in the control system 10. After the processing circuitry 34 determines a control
trajectory 26, the control trajectory 26 is communicated to the output interface 46. As will be described in more detail
below, the processing circuitry 34 may utilize various search functions (e.g., QP solvers) and stabilization functions to
determine the control trajectory 26. Thus, the output interface 46 may be configured to transmit the control trajectory 26
to the plant/process 12. Similar to the feedback interface 52, the output interface 46 may be a serial port located on the
backplane of the OBC 22 to enable the output interface to communicate with a controller controlling inputs into the
plant/process 12. It should be appreciated that as described above, the controller may be the same processing component,
a different core of a processor, or a different processor module.
[0023] As described above, the OBC 22 may be configured to perform dynamic optimization of the plant/process 12.
When the plant/process 12 can be modeled with a linear model, techniques may be used to perform deterministic
optimization based control of the plant/process 12. For example, two such techniques are described in U.S. patent
application no. 13/837,297 entitled "Stabilized Deterministic Optimization Based Control System and Method," filed by
Kolinsky et al. on March 15, 2013, and in U.S. application no. 13/836,701 entitled "Sequential Deterministic Optimization
Based Control System and Method," filed by Kolinsky et al. on March 15, 2013, which are hereby incorporated into the
present disclosure by reference. Accordingly, to utilize these techniques, it may be beneficial to adjust a non-linear model
of a plant/process 12. More specifically, as depicted in FIG. 5, this may include adjusting a cost (i.e., objective) function
64, the model 28, and a constraint model 66. Accordingly, FIG. 5 depicts a deterministic optimization based control
process 68 for most control system 10, including ones with non-linear plants/process 12 (i.e., a non-linear model of the
plant/process 12). As used herein, the cost function 64 may be configured to facilitate finding the optimal control trajectory
of the plant/process 12 based on input variables 20 and output variables 18. In addition, the model 28, as used herein,
may be configured to predict the behavior of the plant/process 12 based on the sum of responses to future inputs, past
inputs, disturbances, and/or initial conditions. Furthermore, as used herein, the constraint model 64 models technological
restrictions, economical restrictions, and/or safety restrictions.
[0024] As depicted, the cost function 64 undergoes a quadratic transformation processing (process block 70). For
example, the quadratic transformation processing 70 may include transforming the cost function 64 into the following form: 

Wj,Bn,Vn -positive semidefinite weight matrices (tuning parameters)
yt

j = [yt
j(t+1),yt

j(t+2),...,yt
j(t+ p)]T - input target trajectory

ut
n = [ut

n(t+1),ut
n(t+2),...,ut

n(t+ p)]T - output target trajectory
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[0025] Next, the process 68 may calculate a linear approximation of the model 28, which may be based upon a
predetermined change of state. For example, the linear approximation may include approximating the plant/process 12
to the following form: 

Δu = [(Δu1)T,(Δu2)T,···,(Δunu)
T]T - future changes of all inputs arranged in a vector

Δun = [(Δun(t),Δun(t+1),...,Δun(t+nc-1)]T - future changes of n - th input
y = [(y1)T,(y2)T,···,(yny)

T]T - all predicted output trajectories arranged in a vector
yj = [yj(t + 1),..., yj(t + p)]T- predicted trajectory of j - th output

 -all free response trajectories arranged in a vector

yj
free = [yj

free(t + 1),..., yj
free(t + p)]T - free response trajectory of j - th output

yj = AujΔu + yj
free

 - prediction matrix of j - th output

- prediction matrix

nu - number of inputs
ny - number of outputs
nc -control horizon
p - prediction horizont
N = nc - number of control moves

[0026] In some embodiments, a Parametric Universal Nonlinear Dynamics Approximator (PUNDA) linear approxima-
tion model may be used. Generally, the PUNDA includes a dynamic parameterized model operable to model a non-
linear plant/process 12. The dynamic parameterized model receives one or more parameters that are outputs of an
explicit mapping to a parameter space. The parametric universal nonlinear dynamic approximator also includes a non-
linear approximator operable to explicitly model dependencies of the one or more parameters of the dynamic parame-
terized model upon operating conditions of the nonlinear process. The PUNDA is operable to predict process outputs
useful for predictive control and optimization of the nonlinear process, in which actual measurements of at least one of
the process outputs do not exist. More specifically, the PUNDA operates the nonlinear approximator to receive one or
more process operating conditions, including one or more process inputs, to generate values for the one or more
parameters of the dynamic parameterized model based on the process operating conditions, and to provide the values
for the one or more parameters to the dynamic parameterized model. In addition, the PUNDA operates the dynamic
parameterized model to receive the values of the one or more parameters from the nonlinear approximator, to receive
the one or more process inputs, to generate one or more predicted process outputs based on the received values of the
one or more parameters and the received one or more process inputs, and to store the one or more predicted process
outputs. For a more detailed description of the PUNDA model, see application no. 2005/0187643 A1 entitled "Parametric
Universal Nonlinear Dynamics Approximator and Use," filed by Sayyar-Rodsari et al. on May 10, 2004, which is hereby
incorporated into the present disclosure by reference.
[0027] In addition, as described above, the process 68 may convexify the constraint model 66 to efficiently simplify
complex constraints. An example of this may be seen in FIG. 6. In FIG. 6, curve 76 represents a complex constraint
separating a feasible region 78 and an infeasible region 80. As should be appreciated, calculations based a complex
constraint, such as the one depicted by curve 76. may be difficult. Accordingly, it may be beneficial to simplify calculations
by making a convex approximation of constraint curve 76. As depicted, various convex approximations may be made
on the constraint curve 72. namely curve 82, 84, and 86. Specifically, curve 82 appears to include the majority, if not all,
of the feasible region 78; however, it may not be a good convex approximation because it includes a substantial amount
of the infeasible region 80. Accordingly, curve 82 may be classified as an over convexification. Similarly, curve 84 also
a substantial amount of the infeasible region 80. In addition, curve 84 does not include the lowest point 86 in the feasible
region 78, which is often an optimum solution. Accordingly, curve 84 may also be classified as an under convexification.
Although curve 88 excludes a portion of the feasible region it may be the best convex approximation of the three because
it includes the lowest point 86 and does not appear to include substantial amounts of the infeasible region 80.
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[0028] Furthermore, as described above, various processes (i.e., functions) in the control system 10 may be handled
on different computing components (e.g., 38 and 40). Specifically, it should be appreciated that the quadratic transfor-
mation 70, the linear approximation (e.g., PUNDA) 72, and convexification 74 may each be run on a different computing
component. Accordingly, each process (i.e., 70, 72, and 74) may function synchronously or asynchronously. In other
words, this gives computationally more complex calculations, such as the linear approximation 72, more time. For
example, in some embodiments, the linear approximation 72 may calculated when a user requests it or when a trigger
event occurs (i.e., a change in state) while the quadratic transformation 70 and the convexification 74 may be performed
during each control time. A change in state may include a change in disturbances, a change in setpoints, or any com-
bination thereof. Accordingly, the rest of process 68 may executed more frequently than the linear approximation process
72.
[0029] Turning back to FIG. 5, after desired adjustments (i.e., 70, 72, and 74), the process 68 may perform a linear
dynamic optimization (process block 90). As described above, this may be either of the techniques incorporated herein
by reference or any other linear optimization technique. For example, an infeasible search method (i.e., algorithm) such
as a dual quadratic active set algorithm may be used. Alternatively, a feasible search method (i.e., algorithm) such as
a primal active set solver algorithm may be used. Combining the two, an infeasible search algorithm may execute for a
first portion of the control time and a feasible search algorithm may execute during a second portion if a feasible trajectory
is not determined by the infeasible search algorithm.
[0030] Finally, based on the control trajectory determined by the linear dynamic optimization 90, the manipulated
variables 20 into the plant/process 12 may be controlled (process block 92). In addition, as depicted, the control trajectory
determined by the linear dynamic optimization 90 may be fed back to the quadratic transformation 70, the linear approx-
imation (e.g., PUNDA) 72, and/or the convexification 74 in order to improve each process.
[0031] Generally, the above described techniques enable optimization based control for many control systems 10.
More specifically, the OBC 22 is configured to adjust non-linear plants/processes 12 so that linear optimization based
control techniques may be used to perform dynamic optimization. This may include providing a quadratic transformation
for a non-quadratic cost function, a linear approximation (e.g., PUNDA) for a non-linear model, and a convex approxi-
mation for complex constraints.
[0032] While only certain features of the invention have been illustrated and described herein, many modifications
and changes will occur to those skilled in the art. It is, therefore, to be understood that the appended claims are intended
to cover all such modifications and changes as fall within the true spirit of the invention.
[0033] The following is a list of further preferred embodiments of the invention:

Embodiment 1. A control method, comprising;

determining a linear approximation of a pre-determined non-linear model of a process to be controlled;

determining a convex approximation of the nonlinear constraint set;

determining an initial stabilizing feasible control trajectory for a plurality of sample periods of a control trajectory;

executing an optimization-based control algorithm to improve the initial stabilizing feasible control trajectory for
a plurality of sample periods of a control trajectory; and

controlling the controlled process by application of the feasible control trajectory within a predetermined time
window.

Embodiment 2. The method of embodiment 1, wherein the linearized model is determined by executing a parametric
universal non-linear dynamic approximator algorithm.

Embodiment 3. The method of embodiment 2, wherein the optimization-based control algorithm is executed more
frequently than the parametric universal non-linear dynamic approximator algorithm.

Embodiment 4. The method of embodiment 3, wherein the parametric universal non-linear dynamic approximator
algorithm is executed based upon a change of a state of the controlled process.

Embodiment 5. The method of embodiment 4, wherein the change of state comprises a change in a set point of the
controlled process.

Embodiment 6. The method of embodiment 1, wherein the optimization-based control algorithm comprises an
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infeasible search algorithm.

Embodiment 7. The method of embodiment 6, wherein the infeasible search algorithm comprises a dual quadratic
active set solver algorithm.

Embodiment 8. The method of embodiment 1, wherein the optimization-based control algorithm comprises a feasible
search algorithm.

Embodiment 9. The method of embodiment 8, wherein the feasible search algorithm comprises a primal active set
solver algorithm.

Embodiment 10. The method of embodiment 1, wherein the optimization-based control algorithm comprises both
an infeasible search algorithm and a feasible search algorithm.

Embodiment 11. The method of embodiment 10, wherein the infeasible search algorithm is executed during a first
portion of a sample period, and if feasible control trajectory is not determined by the infeasible search algorithm,
the feasible search algorithm is executed during a second portion of the sample period.

Embodiment 12. The method of embodiment 1, comprising cyclically repeating execution of at least the optimization-
based control algorithm during real-time control of the controlled process.

Embodiment 13. A control method, comprising:

based upon a predetermined change of state of a non-linear process to be controlled, determining a linearized
model of the non-linear process;

cyclically repeating execution of an optimization-based control algorithm to determine a feasible control trajectory
for a plurality of sample periods of a control trajectory; and

controlling the controlled process by application of the feasible control trajectory.

Embodiment 14. The method of embodiment 13, wherein the change of state comprises a change in a set point of
the controlled process.

Embodiment 15. The method of embodiment 13, wherein the optimization-based control algorithm comprises an
infeasible search algorithm.

Embodiment 16. The method of embodiment 13, wherein the optimization-based control algorithm comprises a
feasible search algorithm.

Embodiment 17. The method of embodiment 13, wherein the optimization-based control algorithm comprises both
an infeasible search algorithm and a feasible search algorithm.

Embodiment 18. The method of embodiment 17, wherein the infeasible search algorithm is executed during a first
portion of a sample period, and if feasible control trajectory is not determined by the infeasible search algorithm,
the feasible search algorithm is executed during a second portion of the sample period.

Embodiment 19. A control system, comprising:

memory circuitry for storing executable code, and processing circuitry for executing the code, the code defining
steps that, when executed:

determines a linearized model of a non-linear process to be controlled;

executes an optimization-based control algorithm to determine a feasible control trajectory for a plurality of
sample periods of a control trajectory; and

controls the controlled process by application of the feasible control trajectory.
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Embodiment 20. The system of embodiment 19, wherein the processing circuitry comprises a multi-core processor,
and wherein one core of the multi-core processor is dedicated to determining the feasible control trajectory and
another core of the multi-core processor performs other processing functions.

Element List

[0034]

10 control system
12 plant/process
14 material inputs
16 material outputs
18 output variables
20 input variables
22 optimization based control (OBC)
23 desired output trajectory
24 desired control trajectory
26 control trajectory
28 pre-determined model
30 deterministic solver
32 comparator
34 processing circuitry
36 memory circuitry
38 first processing component
40 second processing component
42 configuration parameters
44 other instructions
46 output interface
48 user interface
50 network interface
52 feedback interface
54 graphical-user-interface (GUI)
56 buttons
58 network
60 communication module
62 monitoring/control system
64 cost function
66 constraint model
68 deterministic optimization based control process
70 process block (quadratic transformation processing)
72 constraint curve (linear approximation)
74 convexification process
76 curve (a complex constraint separating a feasible region and an infeasible region)
78 feasible region
80 infeasible region
82 curve
84 curve
86 curve
88 curve
90 process block (perform a linear dynamic optimization)
92 process block (the manipulated varibles into the plant/process 12 may be controlled)

Claims

1. A control method, comprising:

determining (72) a linear approximation of a pre-determined non-linear model of a process (12) to be controlled;
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determining (74) a convex approximation of the nonlinear constraint set;
determining an initial stabilizing feasible control trajectory (26) for a plurality of sample periods of a control
trajectory (26);
executing (90) an optimization-based control algorithm to improve the initial stabilizing feasible control trajectory
for a plurality of sample periods of a control trajectory (26); and
controlling (92) the controlled process (12) by application of the feasible control trajectory within a predetermined
time window.

2. The method of claim 1, wherein the non-linear model is determined by executing a parametric universal non-linear
dynamic approximator algorithm.

3. The method of claim 2, wherein the optimization-based control algorithm is executed more frequently than the
parametric universal non-linear dynamic approximator algorithm.

4. The method of claim 3, wherein the parametric universal non-linear dynamic approximator algorithm is executed
based upon a change of a state of the controlled process (12).

5. The method of claim 4, wherein the change of state comprises a change in a set point of the controlled process (12).

6. The method of claim 1, wherein the optimization-based control algorithm comprises an infeasible search algorithm.

7. The method of claim 6, wherein the infeasible search algorithm comprises a dual quadratic active set solver algorithm.

8. The method of claim 1, wherein the optimization-based control algorithm comprises a feasible search algorithm.

9. The method of claim 8, wherein the feasible search algorithm comprises a primal active set solver algorithm.

10. The method of claim 1, wherein the optimization-based control algorithm comprises both an infeasible search algo-
rithm and a feasible search algorithm.

11. The method of claim 10, wherein the infeasible search algorithm is executed during a first portion of a sample period,
and if feasible control trajectory is not determined by the infeasible search algorithm, the feasible search algorithm
is executed during a second portion of the sample period.

12. The method of claim 1, comprising cyclically repeating execution of at least the optimization-based control algorithm
during real-time control of the controlled process (12).

13. A control system (10), comprising:

memory circuitry (36) for storing executable code, and processing circuitry (34) for executing the code, the code
defining steps that, when executed:

determines (72) a linearized model of a non-linear process (12) to be controlled;
executes (90) an optimization-based control algorithm to determine a feasible control trajectory for a plurality
of sample periods of a control trajectory (26); and
controls the controlled process (12) by application of the feasible control trajectory.

14. The system of claim 13, wherein the processing circuitry (34) comprises a multi-core processor, and wherein one
core of the multi-core processor is dedicated to determining the feasible control trajectory and another core of the
multi-core processor performs other processing functions.

15. The system of claim 13, wherein the processing circuitry (34), when executed, cyclically repeats execution of at
least the optimization-based control algorithm during control of the controlled process (12).
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