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Abstract. Predictive Controller of a laboratory thermal process is presented in
the paper. Process model is approximated by a neural network. On-line optimi-
zation is done by a genetic algorithm. Control algorithm is tested on the labora-
tory thermal process and compared to the standard control methods like predic-
tive controller with the transfer and state-space linear model and the quadratic
programming optimization method or a PI controller.
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1 Introduction

Model Predictive Control (MPC) is one of the Advanced Process Control (APC)
methods used in the industry. In simple words, it is an optimization algorithm placed
above the standard Digital Control Systems (DSC) ensuring optimal control with
respects to the technological but also to the economic conditions and restrictions.
DSC layer (mostly PID controller) is present because of the reliability, accuracy and
safety of the control. The main task for APC methods is to find the optimal working
point (nonlinear static optimization) and to drive the system to this point (dynamical
optimization) especially for Multi-Input Multi-Output (MIMO) systems. Usually the
APC generates the set-points to DSC.

MPC strategy consists of finding the optimal control actions for the whole predic-
tion horizon based on the optimization and the dynamical model of the controlled
system [1-3]. The model is crucial for the successful application. It could be an open
loop control strategy. From practical point of view a receding horizon concept is in-
troduced — the feedback is used according to the new measurements (actualization of
the state of the controlled system and measurements of the actual disturbances if
available). Every sample time the whole procedure is repeated and only the first (ac-
tual) control action from the vector of calculated optimal control actions is used. The
criterion defining the control goals is tailored to the given control task. Typical re-
quirement in industry is to maximize profit, production volume, to minimize input
costs, amount of by-products etc. Nonlinear optimization method must be used if the
model is nonlinear [4-6]. In most of the real situations the linear approximation is
usually sufficient for the industrial applications. Quality of the model is good around



the given working point and worst in the remote areas. Even if the process is more
nonlinear it depends how tight control is required. For slower control (relatively to the
controlled process behavior), the approximate gain and the dominant time constant
can be enough. Linear models used in MPC are usually the final impulse and step
response models, the transfer functions and state-space models. The result model
being linear is that the originally nonlinear optimization problem can be solved as a
linear or quadratic programming task with very effective algorithms [1-3].

Key parts of the MPC are the cost function formulation, the dynamical process
model and the numerical optimization method. Increasing of the on-line optimization
speed caused by the computational power increase and new numerical methods allows
to use MPC for bigger and faster processes. There is also potential for using the non-
linear models, complex cost functions and nonlinear optimization methods. Theoreti-
cally, there is no need of DCS layer — the MPC controller can calculate directly the
control actions instead of the set-point for PID controllers.

Authors have experience with the predictive control of a nonlinear plant using
piecewise-linear neural model and quadratic programming [7]. A little bit of curiosity
and for educational reasons as well, authors want to try to use a nonlinear neural
model of the controlled system and a genetic algorithm to minimize the quadratic cost
function. Applications with the genetic algorithm and predictive controller can be
found e.g. in [8-12]. We will control a real laboratory thermal process (heated metal
bar by Peltier element), discuss results and compare them with the standard MPC
methods or PI controller.

The paper is structured as follows. Introduction is in chapter 1. Control strategy is
formulated in chapter 2. In chapter 3 controlled system is described. Identification
experiments are presented in chapter 4 and control experiments are in chapter 5. Con-
clusions are given in chapter 6.

2 Control strategy

The paper describes MPC design and laboratory application with process model in the
form of neural network and on-line optimization done by the genetic algorithm.
2.1  Cost function

Standard cost function is considered with the penalization of future control errors
and control increments

N, N,
T=3r (p(k+ j)-wlk+ /) +Xq, (Bu(k+j-1)) M
j=1 j=1
where
N, is prediction horizon,
N, is control horizon,
73, q; are penalization parameters,

Yk +j) is prediction of controlled variable,



w(k + ) is desired value (set-point) and
Au(k +j — 1) is control increment (change, move).

The control horizon can be shorter than the horizon for the set-point following. We
can reduce the computational complexity by supposing some control increments at the
end of the control horizon to be zero — the control variable will freeze at the last cal-
culated control action. Penalization of control increments is considered to avoid the
steady-state control error — this would be the case if the absolute control actions were
penalized.

2.2 Process model and its identification

In the context of this contribution, identification is considered as a statistical approach
that provides a model of a dynamical process from the measured data. Many different
identification techniques are available and the suitable one must be chosen according
to the specific requirements.

Usually, linear models in the form of ARX (Auto-Regressive model with eXoge-
nous input) or ARMAX (Auto-Regressive-Moving Average model with eXogenous
input) equation are used for MPC [13]. However, different approach is provided in
this paper.

Dynamical neural models are generally able to approximate even highly complex
and nonlinear processes very precisely since feedforward neural networks (FFNNs)
are proven to be universal approximators [14]. On the other hand, a black-box-like
structure of the neural model restricts a bit the conventional use for the controller
design. Since the optimization is performed by a variant of genetic algorithm, no strict
conditions are required to the model form. Therefore, a dynamical neural model can
be preferably implemented for this case.

There are several possibilities available to design a neural model of the process.
One of them assumes the process description by the following nonlinear discrete-time
difference equation

ys(k)=y[ys(k=1),...,y5(k—n), ®)
u(k=1),...,u(k—m)],m<n
where
w() is a general nonlinear function,
Vs is calculated output from the process,
u is input to the process and
n is the order of the difference equation.

The aim of the identification is to design FFNN, which approximates the function
y(.). In other words, FFNN must be designed and trained to provide outputs as close
to process outputs as possible. A general diagram of a dynamical neural model is
illustrated in Fig. 1.



A dynamical neural model design generally consists in training and testing set ac-
quisition, neural network training and pruning, and neural model validating. These
steps have already been defined comprehensively many times e.g. in [15-16].

Fig. 1. Dynamical neural model.

2.3 Optimization method

Genetic algorithms are suitable for constrained, nonlinear optimization and non-
convex optimization problems [8]. Genetic algorithms belong to evolutionary algo-
rithms, they use population of candidate solutions. They are inspired by the Darwini-
an evolution using the crossover and mutation genetic operators. A more detailed
description of this technique can be found e.g. in the book [17].

Papers where genetic algorithms have been used for MPC control are e.g. [8-10].
Authors suggested a variety of methods to deal with the time constraint of the predic-
tive controller, such as using shifted individuals from previous time steps. Authors
applied genetic algorithms to find a feasible descent solution rather than the optimal
solution at each sampling time in [9]. Genetic algorithm for thermal process control is
published in [11]. Genetic algorithms were used also in predictive control to select the
control and prediction horizons [12].

Authors used a population-based genetic algorithm with real alphabet to optimize
the cost function at each time step. The genes of individuals directly represent the
sequence of control actions. The fitness function equals to the cost function.

When generating the initial population, we were inspired by the method of shifted
individuals suggested in [8] and [9]. We do not generate individual control actions
from the full range of possible control actions, but we derived individuals of the initial
population from the shifted best individual from the previous time step. From the
previous time step we remove the first control action to move the entire sequence of
the control actions. Missing last control action is duplicated from the previous control
action. The remaining individuals of the initial population are generated as random
deviations of the individual genes of this modified individual within a given range.

As a selection mechanism we used tournament selection. We used the one-point
crossover and the mutation that adds a random deviation to the selected gene within a
given range. For termination of the run of the genetic algorithm we use maximum



number of generations and maximum elapsed time because of time constraint of the
controller.

3 Controlled system

Proposed algorithm is tested at a temperature control system GUNT RT040 [18] — see
Fig. 2.

Fig. 2. RT 040 Training system [6].

The metal rod is heated or cooled using the Peltier element (signal Y). The bar
temperature is measured in three positions by the temperature sensors (X1, X2 and X3
signals). The fan (signal Z) on the Peltier element cooler can be switched on or off —
see Fig. 3.

Fig. 3. RT 040 Training system diagram [6].

Voltage (control signal of the Peltier element) in the rage from -5 to 5 V is used as a
control action u (manipulated variable). Farthest sensor X3 (from Peltier element) is
used as a temperature measurement point for the controlled variable y. RT 040 uses
USB multifunction LabJack U12 data acquisition card [19] with drivers support to
different environments. Measurement and control software is written as a MATLAB
script and run on a PC — see Fig. 4. The same script is used for the simulation and for
the control experiments. The simulation can be done in real time or as fast as possible.
The real-time simulation allows to test whether the sample time is enough long for the
certain algorithm and used hardware — load means what percentage of the sampling
period is consumed with the measurement, control algorithm, actuation and plotting.
The predicted controlled variable and the calculated future optimal control action are



displayed — red line starting from the current time instant. The user can check whether
the algorithm with given parameter works fine or must be stopped and retuned.
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Fig. 4. Control software window in MATLAB.

4 Identification experiments

Identification experiments are carried out — the temperature response to 14 step
changes, each 1 hour long is measured — blue lines in Fig. 5. Fan is on during all the
experiments. Positive u means cooling, negative u heating. From the response, it can
be seen that the gain by the cooling is approx. 10 time smaller than by the heating.
This is usual nonlinearity of the thermal processes — efficiency of the cooling is
smaller than of the heating.

The process is approximated with the dynamical neural model — red line in Fig. 5.
The procedure of the neural model design is not described here, since it is a standard
procedure. At the end of this procedure, the neural network inside the neural model
consists of four inputs (m = 2, n = 2), five neurons with the hyperbolic tangent activa-
tion functions in the hidden layer, and one output neuron with the linear (identical)
activation function. The sampling time is set to 10 s.

The model uses absolute # and y. This model is used by all simulations like a simu-
lation model and by the neural network and genetic algorithm predictive controller for
predictions — they are calculated in a cycle and used for the cost function evaluation.
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Fig. 5. Identification with neural network model.

Second order continuous-time transfer function parameters are identified for the
predictive controllers with transfer-function and state-space model — equation (3) and

red line in Fig. 6.
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Fig. 6. Identification with linear model.

Working point u =0V, y = 2.045 V is used by the identification. The system has
negative gain and practically one dominant time constant. Continuous-time transfer
function is transformed into the discrete-time transfer function and state-space model
for the predictive controllers.



5 Control experiments

Four control experiments were carried out. The most important experiment is the
experiment with the neural network and genetic algorithm — see Fig. 7. For compari-
son with the standard control methods another three experiments are measured — pre-
dictive controller with the transfer function model and quadratic programming — Fig.
8, predictive controller with the state-space model and quadratic programming — Fig.
9 and PI controller — Fig. 10. Algorithms for both predictive controllers can be found
in [20]. The parameters of the controllers are in Tab. 1.

Table 1. Parameters of the controllers.

Symbol Value Dimension Meaning
Ts 10 S sample time
N> 40 S prediction horizon
Ny 40 S control horizon
r 1 - control error penalization
q 0.001 - control increment penalization
c (1-0.821? - filtering polynomial
P [0.8 0.8] - poles of the observer
ro -100 - PI controller gain
T 300 S PI controller integral time constant
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Fig. 7. Control with neural network and genetic algorithm.
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Fig. 8. Control with transfer function and quadratic programming.
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Fig. 9. Control with state-space and quadratic programming.
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Fig. 10. Control with PI controller.

Integral Absolute control Error (IAE) and Integral Square control Error (ISE) is
calculated as the control quality measures.

Table 2. Control quality measures.

Controller IAE ISE
Neural network and genetic algorithm 61.0 1.75
Transfer function and quadratic programming 51.8 1.32
State-space and quadratic programming 58.4 1.43
PI controller 101.1 5.53

6 Conclusion

Predictive controller with the neural network model and genetic algorithms as the
optimization method is presented and tested at a laboratory thermal process. Authors
were curious whether the nonlinear model with nonlinear on-line optimization will be
better or worse than some standard control methods — predictive controllers with the
linear models and quadratic programming and the PI controller. The result is, that in
our case, the nonlinear model does not bring visible improvement even if the identifi-
cation was much better than with the linear model. This can be caused by the relative
simplicity of the controlled process — controlled process is nonlinear but practically
first order system with the dominant time constant. The nonlinear controller burdened
the computer more than the linear predictive controller which was comparable to the
PI controller. Sample time 10 s was at the border of the fastest samplings we can use
— horizon length is given by the controlled process and increasing of the sample time
leads to the need to use longer control horizon and hence the higher computational
demands. We should compare the solution with some standard nonlinear MPC control
algorithm. The nonlinearity of our process was not crucial, so we used the linear
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MPC. It would be interesting to control more complex, more difficult to control, more
nonlinear process because there should be better to see the advantage of the NMPC
over the other methods. Our system was too easy to control. On the other hand, the
advantage of a good model was clear because the laboratory experiments took quite a
long time and there was no space to iterate with the controller parameters tuning.
Therefore, the simulation of the control responses with the neural model and expected
measurement noise was very beneficial in the control design and testing phase.
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