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Wide application of proportional-integral-differential (PID)-regulator in
industry requires constant improvement of methods of its parameters
adjustment. The paper deals with the issues of optimization of PID-regulator
parameters with the use of neural network technology methods. A
methodology for choosing the architecture (structure) of neural network
optimizer is proposed, which consists in determining the number of layers,
the number of neurons in each layer, as well as the form and type of
activation function. Algorithms of neural network training based on the
application of the method of minimizing the mismatch between the regulated
value and the target value are developed. The method of back propagation of
gradients is proposed to select the optimal training rate of neurons of the
neural network. The neural network optimizer, which is a superstructure of
the linear PID controller, allows increasing the regulation accuracy from
0.23 to 0.09, thus reducing the power consumption from 65% to 53%. The
results of the conducted experiments allow us to conclude that the created

neural superstructure may well become a prototype of an automatic voltage
regulator (AVR)-type industrial controller for tuning the parameters of the
PI1D controller.
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1. INTRODUCTION

Most of the real operating control objects are considered in the works [1]-[3], and possess the
properties of nonlinearity, the parameters of which dynamically change in the process of functioning of the
object. Widely used linear proportional integral differential (PID) controllers [4], [5], in practice, do not
allow to provide the desired behavior of the system when changing the operating mode of the object, as well
as in the presence of a priori and current parametric uncertainties of information about the process [6]-[8].
This is because the optimal coefficients of linear regulators are determined only for a particular object state.
However, when the state of the object changes, there is a need to reconfigure the parameters of linear
regulators, which leads to a decrease in the quality of control and an increase in energy costs. This is
especially characteristic of objects with high energy intensity. At present, such scientists as Siddikov et al.
[9]-[12], actively research to improve control systems of technological processes based on energy-saving
technologies with the use of modern control methods. One of the ways to solve this problem is the creation of
adaptive-intelligent control systems of technological processes that have the properties of automation of
determining the optimal tuning parameters of the PID controller, both in the design process and in operation.

Journal homepage: http://ijece.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

2534 O3 ISSN: 2088-8708

Currently, there are a large number of methods for determining the optimal tuning parameters of
process control system regulators are proposed. These methods include the Ziegler-Nichols method [13],
frequency method [14], and SIEMENS adaptive PID controller [15], based on identification approaches and
methods of intelligent technologies [16], [17]. Application of these methods, for operative determination of
regulators' tuning parameters at the change of operating modes of the control object (CO), causes some
difficulties and faces certain difficulties in identification of the control object with inertial properties [18],
[19]. Methods for solving optimization problems based on evolutionary algorithms such as genetic
algorithms [20], and particle swarm [21]-[23] are iterative, requiring an accurate model of the control object,
which is a difficult problem.

One of the ways to solve these problems is to use neural network methodology, since these methods
have the properties of adaptation and learning ability to give the desired behavior to control systems, due to
the possibility of using nonlinear control laws, as well as the property of adaptation to neural network control
systems [24], [25]. The main advantage of neural network (NN) is the possibility of operative retraining
depending on production situations. This article developed a methodology for correction of coefficients of
the adaptive PID controller using a neural network optimizer. In addition, the authors of the article propose
the formation of a database of situation rules designed to reconfigure the parameters of the regulator
depending on the situation.

The following is the order of presentation: section 2 explains the method of solving the problem and
reveals the essence of the neural network optimizer of PID controller parameters. Section 3 contains the
results of the analysis of the proposed method of synthesis of the neural network optimizer. Section 4
concludes with a conclusion and recommendations for further use and development of the proposed
approach.

2. METHOD

An important step in using a neural network to control dynamic objects is the choice of its structure.
Provided that the inner layer uses a nonlinear activation function of the sigmoidal function type [26], it is
sufficient to take a two-layer neural network (one inner input layer and an output layer) in the architecture,
allowing for high accuracy of approximation of any function for many variables. The functional diagram of
the proposed neural network optimizer having a superstructural linear PID controller [27], which is a
superstructure of the controller and designed to calculate its parameters, is shown in Figure 1.
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Figure 1. Control scheme with neural network optimizer of regulator parameters

Here, the determination of optimal tuning parameters of the PID controller Kp, K; and K}, is carried
out using neural networks. The task of the control system is to monitor the operating mode in order, on the
one hand, to ensure the minimum transient process and, on the other hand, to reduce the losses of consumed
energy. At the same time, the control system should provide the required quality of transients in terms of
accuracy, overshoot, and number of oscillations, taking into account the nonlinear properties of the control
object, without making significant changes in the structure of the control system. The number of adjustable
parameters of the PID controller will be equal to 3.

When using the neural network optimizer, the neural network structure is initially formed, the input
parameters of which are the control task - r(t), the mismatch signal - e(t), the output of the linear regulator -
u(t) and the control object - y(t), and the tuning parameter of the regulator is taken as the output variables.
Then, the neural network optimizer is represented as a function of several variables characterizing the
relationship between the regulator tuning parameters Kp, K; and K, with the input parameters of the
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optimizer. At the same time, the neural network optimizer approximates these dependencies to determine the
tuning parameters of the PID controller.

When using a neural network to describe the control process, an important task is to determine the
number of layers of the neural network, as well as the number of neurons in the input and output layers of the
network, taking into account the principle of operation of the control law used [28]. When using PID control
law in control problems, the dependence of the regulator output signal on the input signals is described in the
form:

U(s) = (K,, +32+ KDs) Y(s) 1)

In this case, the transfer function of the linear regulator has the form:

U(s) K
W.(s) = y(j) = Kp + -+ KpS (2)

Since the performance of the PID controller is estimated by the neural network discretely, with a step At,
therefore, to determine the number of neurons of the input layer of the PID control law, it is represented in

discrete form using the ratio s = (27_1)/ At. Then, the transfer function of the PID controller is represented in
the form:

z

(2K /At + Kp)1/z + (Kp + K At + Kp /AL)) (3)

- — _1\2
W(z) = Kp + 522 4 i, 20 = 2 (KP (£2) + kar +52(22) ) = 2 (Kp/Atz? -

Introducing the notations a; = (Kp + K;At + K /At),a, = —(2Kp /At + Kp), a5 = Kp /At, we obtain the
difference equation for the kth control step:

u(ty) = are(ty) + aze(t, — At) + age(t, — 2At) + u(t, — At) (@)

From this, we can see that when forming the control signal, the PID controller has information about
the error signal at the current moment (clock back, two clock cycles back) and about the control signal (clock
back). In our case, the number of NN inputs will be equal to 4. Here there is another important point that
must be taken into account for tuning the parameters of the controller, it is related to the need to know not
only about the error signal at the current moment but also about the current value of the task. In the case
when at different values of the set point and the same error signals, the controller parameters have different
values, then for a particular type of transient process - the set point should be considered unchanged at the
considered moment. Taking this into account, (4) will take the form:

u(t) = (ar+az+az)r — ary(te) — ay(t — At) = azy(ty — At) + u(ty — At). ()

Hence, we can see that the number of inputs of the neural network is 5: the task, the output of the co at the
current moment, a clock back, two clock back, and the value of the control action at the previous moment.
The number of neurons in the output layer will be equal to 3, each of which corresponds to the adjustable
parameters of the PID controller Kp, K; and Kj,. In the output layer we use the activation function with a
sigmoidal form:

1
f(s) = ey @ = const (6)

To determine the number of neurons in the hidden layer of the neural network, the training sample size is
taken into account. To solve this problem, we can use the formulas proposed by Ziegler-Nichols [29]:

Npig = 2N + 1 @

where N is the number of inputs of the neural network.

On the other hand, it is necessary to take into account the fact that the measured quantities are
subject to interference. Therefore, the object characteristic is averaged over at least three points. Hence, we
can conclude that when averaging the signal over three points, 15 measurements are required. In general, for
a neural network optimizer, the number of neurons in the inner layer can be determined by (8):
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Nhid = (ZN + 1) + Nav + Ndelay - 1! (8)

where N is the number of inputs of the neural network; N, is the number of averaged output data from the
object; Ngeqy is the number of delayed signals from the output of the object, which are the input of the
neural network.

Based on this, the structure of neural network optimizer for PID controller is proposed in Figure 2.
The following notations are given in the structure: x, is task; x, is signal from the object output delayed by
one clock cycle; x5 is output signal from the control object delayed by At, x, is output signal from the object
delayed by 2At; xs is signal from the regulator output. These signals are normalized in the interval [0;1]. The
values of the inner layer neurons and the output of the neural network optimizer are determined as:

1) _ (€] (€]
57 = st-zlei X+ b,

Oj(l) — f(1)(5j(1)) (j — m)

(2) _ @ . H@® @
Sk = }zswk] '0] +bk 3

0 = FA(5) (e =13),

where wj(il) is the weight coefficient of the connections between the neuron of the inner and input layer; a)j(iz)
is the weight coefficient of the connections between the neuron of the output and inner layer; x¢ are the input
signals of the neural network; bj(l),b,(cz) are the linear displacement of the neuron of the inner and output
layer, respectively; 0].(1), 0,52) are output signals of neurons of the inner and output layer; S].(l),S,EZ) are total

neuron values for the inner and output layer; f@ is hyperbolic activation function; £ is linear activation
function.

inner layer (1)

input layer (0) output layer (2)

Figure 2. Structure of neural network of PID controller neural network optimizer

The next stage is the training of the neural network. To solve the problem of training a neural
network optimizer, the paper proposes a backpropagation gradient algorithm [30], which allows for
minimizing the target function of the training process. The mathematical model of training, for the proposed
neural network, consists of the following procedures:

E(t) = (r(t) — y(©))? - min,
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ex(t) =7(t) —y(t), e (t) = ex(t) —ex(t —1),e3(t) = ex(t) — 2e,(t — 1) + e,(t — 2),

(2)
() _ _ 20 _Ta
5 = ety k=13,

5D = 5P @ o R—
Zk 1 (L)k] ds(l) '] = 1.15,
J

AoF () =P 6P 0P + aw (t - 1) + P (t - 2),
AbP () =P8 + anbP (¢ — 1) + ALY (t — 2),
AP (€) = W8P0 + ahw P (t — 1) + fAw (t - 2),

AbO () = 8D + anb®(t — 1) + pAbD(t - 2),

w2 (t+1) = 0 () + b (D),

Pt +1) = b () + AbP (2,
WPt +1) = 0P (0) + A (1),
bVt +1) = b (e) + AbO (D),

where r(t) is the input influence; y(t) is the output signal of the control object; n(l),n,(f) are the learning
rates of the neurons of the inner and output layers of the neural network; @ and S are the convergence
learning rate coefficients; 6].(1),6].(2) is the total error of the neuron of the inner and output layers; e, is the

error value of the neurons of the output layer.

In the known works [31]-[35], the learning rate of neurons of the inner layer of the neural network
was taken the same, and it does not change during the functioning of the system, which leads to undesirable
situations. To solve this problem, in this paper, it is proposed to choose the learning rate differently as the
adjustable parameters of the controller have different values. Therefore, for each adjustable parameter of the
regulator, it is necessary to choose different learning rates, with the possibility of changing (adjusting) them
during the operation of the system. To determine the necessary value of the learning rate, a rule base is
compiled.

The rule base of the neural network optimizer contains information about the need to train the neural
network (when the task is changed), knowledge and learning rate of the neurons of the output layer of the
neural network, as well as the direction of changes (increase and decrease) in the value of the regulator
parameters. The direction of changes in these parameters is determined by the sign of correction of weight
coefficients between the neurons of the inner and output layers of the neural network, and the laws of the
learning rate of the neurons of the output layer, represented by (9):

Aa)k]) (t) )6152) 0}(1) 1

w2 (t+1) = 0P 1) + Ao (©),

5D = e, ©)

where 1, is the learning rate of neurons of the output layer of the neural network; 6,&2) is total error of the
output layer neuron; e, is error of neurons of each output channel of the neural network (output parameters of
the network); O( ) is output signal of the inner layer neuron; and w( ) is neuron weight coefficients between
the inner and output layers of the neural network.
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The rule for changing the neuron learning rate is usually embedded in the neural network rule base.
The choice of the discretization step (At) is made for each specific object, taking into account its dynamic
properties. Since the accuracy of neural network operation depends on the value of At, in general case At is
chosen based on the time of transient process regulation: At = tp,/N, where N is the number of neurons of
the inner layer of the neural network, t, is the regulation time. It should be noted that the proposed control
system with a neural network optimizer also allows us to promptly respond to the drift of the object
characteristics when changing the task and modes of its operation.

3. RESULTS AND DISCUSSION

A neural network optimizer, built as a superstructure of the PID regulator, was used to control the
technological parameters of the natural gas drying process. The research was carried out under the same
conditions as the experiment. Natural gas with a temperature of 25 °C and pressure of 1,894 kPa was supplied
to the dryer. The process was considered complete if the transient process was established in the vicinity of
5% relative to the set one. The experimental results showed that the application of a neural network optimizer
in controlling the drying process allowed to increase the completeness, which led to a decrease in zeolite
consumption from 95% to 62%, by increasing the accuracy of control from 0.23 to 0.09 as shown in Table 1.
As a result of the conducted experiments, it can be concluded that the created neural network optimizer can
become a prototype of an industrial PID controller when tuning its parameters.

Table 1. The results of the experiment showed

Quality assessment Classic PID controller PID controller with neural network optimizer
Control accuracy 0.23% 0.09%

Zeolite consumption 95% 62%

Power consumption 65% 53%

A simulation experiment was conducted to test the effectiveness of the proposed approach to
synthesizing a control system with a neural network optimizer. To do this, a jump signal proportional to the
value of the controlled parameter of the object was supplied to the input. The experiment results showed that
the synthesized control system with a neural network optimizer made it possible to achieve a 4% overshoot
and reduce the duration of the transient process by 23% relative to a conventional PID controller. At that
time, the classic PID controller gives a 12% overshoot. The found optimal values of the tuning parameters of
the PID controller with a neural network optimizer, for the case under consideration, are equal to
Kp = 2.5,K; = 1.6 - 1072, At the same time, the optimal parameters of the classic PID controller have the
following values: K, = 0.9, K, = 6.976 - 107%.

4. CONCLUSION

Based on the obtained results, we can draw the following conclusions about the architecture of the
neural network, for linear regulators, it is enough to have three layers, and the number of neurons in the input
layer of the neural network is determined by analyzing the dynamics of the linear regulator, and the number
of output neurons depends on the number of adjustable parameters of the regulator. In this case, to choose the
number of neurons in the inner layer of the neural network, it is necessary to take into account the number of
input neurons and the number of averaged points of the controlled parameters of the object. For neural
network training the method of backpropagation of gradient is proposed, which is characterized by high
convergence and accuracy. The obtained results allow us to conclude that the use of a neural network
optimizer of parameters of linear regulators taking into account nonlinear properties of El allowed to increase
in the accuracy of regulation from 0.23 to 0.09, which allowed to reduce zeolite costs from 65% to 53% and
reduce power losses by 12%. The proposed improvements made in the scheme of realization of the PID-
neuro regulator allowed to provision of stable operation of the NS and its trainability in the control loop in
real-time. In addition, when changing the parameters of the object, such a trained (and constantly
operationally updated) NS can reconfigure the parameters of the PID-neuro-regulator during the transient
process and provide the required quality of the transient process. The main changes of the proposed approach
for neural network control of a dynamic object are to develop a methodology for changing the speed and
direction of training of the neural network, as well as the rules of training the output neurons of the neural
network, which are the parameters of the PID-regulator.
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