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Abstract: — This paper presents a solution to computation of predictive control using non-linear auto-regressive
models. For the non-linear model a neural network is used as a perspective tool for modelling of dynamic systems.
However, the described approach is applicable to any type of auto-regressive model. The model is not linearized
in the operating point, but in each control optimization step the model’'s derivative is computed (linearization)
for all points in the prediction horizon. The method can be used in real-time control. This is verified by porting
the algorithm directly to the PLC.
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Fig. 1: Calculation of the-th row of matrixG



It is clear that the matrixG can be filled during therefore the porting fairly straightforward. We devel-
the prediction. Inp-th step of prediction the-th row oped a portable C librargfmatwhich supports matrix
is calculated usingn previous rows multiplied by the operations, neural networks, system modelling and pre-
corresponding coefficients of the sensitivity derivatiatictive control. The library works in the same way on
of the non-linear model (neural network). An illustrathe PC and the B&R PLC.

tion of the calculation is shown in Fig. 1. OO .
; Simulation in MATLAB/Simulink K
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An inaccuracy of the model can cause a steady error. S-function A

the system output. To prevent future errors the knov (in ANST 1. step
edge of past differences between the model and the s " | """k Control|from MATLAB/Simutink |
tem can be used. Average difference is calculated ot £ -~~~ i
. . . : ‘= M-file &
several past time steps and this value is assumed t¢ & ______ R E
. . . ' = cal
constant in the future. This average value is added to = ‘E PLC 14 o ocs
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model output over the whole prediction horizon. Thi % (S-f/linNcglog)/ 3
. . . H n h
approach is descriedinfg. ... ~ ——/— 1 2.step
Direct Controlffrom Industrial Controller
. : v
1.4 The non-linear model : monitoring ] [FANSIC 1 " [ Real
i |from MATLAB™ "] program ! "] Process
For modelling of the non-linear system (1) a non-lineé control algorithm 3. step

auto-regressive moving-average (NARMA) MOl (L5 -+ --wwssresrrsssrmssesisisniisii i
is used, where the functiof’ is realized by a neu- _. . .
) y Fig. 2: The scheme of three steps of direct implementa-
ral network. The neural network is a feed-forward R
. . i . Hon from MATLAB/Simulink into PLC.
multi-layered perceptron with one hidden layer wit
two non-linear neurons. For learning, the Marquardt-
Levenberg’s method is used. The size of the training aeE . .
o : i : .2 Simulation results
is fixed. The set is updated on-line with new samples.
The selection of old samples to replace is controlled itye compared the neural predictive controller with
the samples’ criterion of "credibility”. This criteriona classical well known and used PID (PI-D variant) con-
penalizes samples which are too similar to each othesller. For the comparison, analog physical model was
therefore it ensures sufficient diversity of the trainingsed. It is a 3-rd order system with non-linearities, off-
set [7]. set, and noise. Simulation results are shown in Fig. 3.
The predictive controller was intentionally set so that
it didn’t take into account the information about future

2 Implementation desired value. The response to the step in desired value
) of predictive controller is faster and with smaller over-
2.1 Development of the control algorithm shoot than with the PID. Response to the disturbance in

The control algorithm is developed in three phasestg'% system is also faster if we use predictive controller.

shown in Fig. 2. First, the algorithm is tested with \KQ/ en we used a predictive controller with knowledge
simulation tool e. g. MATLAB/Simulink. Second theOf future desired value, it reacted to the change of ref-

algorithm is connected to the real world. At this poirﬁrence trajectory before the change was done. This can

it is still running on a PC and communicates in real?-e seen on Fig. 4.

time with a PLC which connects it to the process. We

used a B&R PLC which communicated with MATLAB3  Conclusion

through Process Vizualization Interface (PVI) over Eth-

ernet. Finally, the algorithm is ported directly to th&his paper presents a computation method for non-
PLC. The B&R PLC is programmable in ANSI Clinear predictive control. The linearization in each pre-
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diction step brings the advantage of more optimized
control of non-linear systems as opposed to lineariza-
tion of the model in only one operating point. The com-
putation is still effective enough to implement the con-
trol algorithm in real-time control.

The feasibility of the control agorithm for real-time
control was verified when the algorithm was connected
through PVI to the physical model and later ported di-
rectly into the PLC. Testing showed that the algorithm
compares favourably to the PID controller.

The full power of the control algorithm is fully un-
leashed, when the reference trajectory is known in ad-
vance. In such cases the predictive controller can react
to the change ahead of time.
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Fig. 3: Comparison of control process with the predic-
tive controller and PID controller. The physical model'EaeferenCeS
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