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Abstract. There is no doubt that automatic control is critical to the modern manufacturing industry. The most
commonly used automatic controller in the industry is the Proportional Integral Derivative (PID) controller. The
design of ever better controllers is essential to obtain more efficient processes, and the use of fractional controllers
may be the next step in the evolution of control systems. Fractional order calculation allows integration and
differentiation with arbitrary order of operation. A FOPID adds two extra parameters to the equation, which makes it
more appropriate for the system to be more complex to tune. To solve the complex tune issue, several optimization
methods have been implemented, and the use of Radial Basis Neural Network (RBFN) seems promising. An application
of a fractional order PID controller fitted with the Radial Basis Function Network is presented and studied in this
article. This work aims to design a FOPID to control a DC motor. Comparisons are made with an integer PID
controller and a FOPID tuned using a Genetic Algorithm (GA) algorithm.

Keywords: Fractional control, Dc motor control, RBFN, Controllers Tuning.
1. INTRODUCTION

In recent decades the control theory has contributed substantially to the technological advances of several areas.
Precision engineering and manufacturing processes, for example, have gained prominence and have played an important
role in current and future technologies. At the same time, the use of DC motors has grown, and this diversity of
applications makes the development of a robust, simple and efficient control solution capable of serving all applications
a complex process.

The proportional-integral-derivative controller (PID), the industry's most popular method, is responsible for 97% of
existing industrial controllers (Yu, 2006). However, designing and tuning an efficient PID controller can be difficult in
practice if multiple objectives are met, such as short transients and high stability (Ang et al, 2005). The PID controller's'
parameter settings also have room for improvement, as can be seen from the fact that only 32% of the PID controllers in
the industry show satisfactory performance (Yu, 2006). A visit to a process plant will show that a large number of PID
controllers are poorly adjusted (Skogestad, 2003).

The use of a FOPID (Fractional Order PID) is an idea with increasing attention in recent years, mainly due to the
fact that real physical systems are well characterized by fractional order differential equations (Hwang et al, 2006).
From the different FOPID controllers presented in (Cao et al, 2005) (Cervera et al, 2006) (Cao et al, 2006) and (Monje
et al, 2004) it is clear that the FOPID controller perform better than Integer PID controllers, both for the control of
integer and fractional order systems.

In spite of approaching the models of real systems, the use of FOPID increases its tuning complexity. Thus, the
search for an efficient tuning methodology becomes a challenge. And so optimization techniques like (Cao et al, 2005)
have been studied. Radial-based Neural Networks (RBF) have an approximation capability that, compared to other
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neural networks en optimization techniques, provide better approximation properties, such as high accuracy (Baiyu et
al, 2010).

Thus, one can see that although there is a large volume of research being developed in this area, there are factors
such as the difficulty of developing robust controllers and precise tuning methods that show that this is a topic of great
interest for studies and improvements.

The objective of this work is the development of an algorithm and a PID Controller of fractional order and tuning by a
Radial Basis Artificial Neural Network.

2. FRACTIONAL ORDER CONTROL

Fractional order control (FOC) is a field of control theory that uses the fractional order integrator as part of the
control system design. Podlubny came out with the concept of Fractional order PID Controllers (Podlubny et al., 1997)
by demonstrating its superior response when compared to a integer PID Controller in a non-integer plant.

Existing evidence has confirmed that the best fractional-order controller can overcome the best whole-order
controller (Podlubny, 1999) for non-integer systems. The literature also addresses the reasons why choose fractional
order control even when integer control works comparatively well (Monje et al, 2008). When using non integer order
controllers for integer order plants, the FO controllers offer a wider range of possibilities in tuning the gain and phase
characteristics than the ones we have by using IO controllers.

The typical form of a fractional order PID controller is the PI*'D* controller (Podlubny, 1999), with an integrator of
order 4 and a differentiator of order x where A and x can be any real numbers. The transfer function of this controller can
be expressed as

G.(s5) =)

k, +k,%+szﬂ,(x,y > 0)
§ (1)

where G (s) is the transfer function of the controller, £(s) is an error, and U(s) is controller’s output. The integrator
term is 1/5".

The PI"D* controller, have been researched in time domain by (Podlubny, 1999) and in frequency domain by (Petras,
1999) and in its general form can be expressed in time domain by

u(t)=K e(t)+T,D,"e(t)+T,D,"e(t)

* _
(Dr -0 Dt(*)) (2)

where A and u are positive real numbers, K, is the proportional gain, 7, the integration constant and 7, the
differentiation constant. It is trivial to see that by taking A = / and 4 = I, we obtain a classical integer PID controller.
We can also have particular cases of PI'D* by taking, for instance T, or T, equal zero. A block diagram of a FOPID is
expressed in Fig 1. Has mentioned above, it is clear that selecting A = / and u = 1, we obtain a classical PID controller.

l\ Derivative Action
5 A |ky

E(s) I)’(\ Proportional Action /:Z.\ U(s)
2 &

1/5 o > Integral Action

Figure 1. A basic block diagram of a Fractional Order PID Controller

As indicated in (Chen, 2006), for closed-loop control systems, there are four possible situations. Being
1) plant 10O (integer order) with 10 controller;

2) Plant IO with FO controller (fractional order);

3) FO plant with IO controller and

4) FO plant with FO controller.
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For this work we have chosen a FO Plant to be controlled by both an FOPID and a PID.
3. RADIAL BASIS FUNCTION NETWORK

The word network in the term "artificial neural network" refers to the interconnections between neurons in the
different layers of each system. An example system has three layers. The first layer has input neurons that send data via
synapses to the second layer of neurons and then via more synapses to the third layer of output neurons as it can be seen
in Fig 2. More complex systems will have more layers of neurons, some with increased layers of incoming neurons and
output neurons. The synapses store parameters called "weights" that manipulate the data in the calculations (Schwenker
et al, 2001).
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Figure 2 Typical architecture of an RBF Network
Source: (McCormick, 2013).

Starting in the 1940s with the introduction of the concept of neuron models (McCulloch, 1943), the studies and
techniques in neural network field achieved vast development and have been applied in many field with high degrees of
success. Neural networks differs from other techniques by its highly parallel structure, learning ability, nonlinear
function approximation, fault tolerance, and efficient analog VLSI implementation for real-time applications. All of that
combined justify the usage of neural networks in nonlinear system identification and control (Hunt et al, 1992).

In many real-world applications, there are plenty nonlinearities, unmodeled dynamics, unmeasurable noise,
multi-loop, etc., which pose problems for engineers to implement control strategies.

In designing a PI*D* controller, one of the most important problems to be solved is the tuning of parameters, and
great efforts were made to deal with it. Cao et al. (2005) provides a method of Genetic Algorithms. While Cervera et al
(2006), it applies to the tuning of a PI*'D* QFT controller. Also a method for as FOPID Controller based on PSO
(particle swarm optimization) is proposed by Cao et al. (2006). Given the adaptive nature of the Neural networks, the
RBF functions have also been used as methods of tuning PI"D* controllers.

A radial basis function network (RBF) is a particular artificial neural network whose activation function are of the
radial basis type. This network output is made of a linear combination of radial basis functions of both inputs and
neuron bias. Radial-basis function networks have vast application in real world problems such as function
approximation, time series prediction, classification, and system control. RBFs were first formulated in by Broomhead
and Lowe (1988).

A RBF neural network consists of three layers: an input layer, a hidden layer, and an output layer. Neurons at the
hidden layer are activated by a radial basis function. The hidden layer consists of an array of computing units called
hidden nodes. Each hidden node contains a center ¢ vector that is a parameter vector of the same dimension as the input
vector x. the Euclidean distance between the center and the network input vector x is defined by ||x(2)-c,(2)||.

According to Liu (2013) we can produce the output of hidden layer through a nonlinear activation function 4,(z) as
hence:

[x(8) =, ()|

h.(t)=ex

,j=L...,m
(3)
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where b; notes a positive scalar called a width and m notes the number of hidden nodes. The output layer is a linear
weighted combination as follows:

Y= wh,)i=1,..n
Jj=1

“4)
where w are the output layer weights, n notes the number of outputs, and y notes the network output.
The weight value of RBF is
T
w=[w,...,w,] )
The output of RBF neural network is
y(t)y=wh=wh +wh, +..+w h ©)
The control system is shown in Fig. 3.
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Figure 3. Block diagram of RBF-based model reference adaptive control system
The reference model is y,,(2) then the tracking error is
e(t) = 3, (D)= (0) -
The criterion on function used here is u(?) thus:
1 2
E(t)=—ec(?)
2 ®)
The controller is the output of RBF:
u®)=hw+..hw,..+hw, )

where m is the number of neural nets in hidden layer, w; is weight value of net j, 4, is
output of Gaussian function.

InRBF, x=/x,, ..., x,] T is the input vector, & [h,, . . ., h,] 7; and h; is the Gaussian
function:
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Where i=1,...,n and j=1,...,m. b>0, cj=[c;, ....c;;....c;,J, and b=[b,,...,b,J"
The weight vector is
W:[Wl,...,Wm]T (11)
According to the steepest descent (gradient) method, the learning algorithm is as
follows:
OE(t t
Awj(t)=—n 230) =nec(t) (240] h,
ow ou(t)
w(O)=w,(t—1)+Aw, (1) +aAw,(1) (12)

where 1 is learning rate, a is momentum factor, n€[0,1]; and a €[0,1]:
4. EXPERIMENTAL PROCEDURE

The test bench for data acquisition of this work used a DC motor with brushes, manufacturer Pololu, model
37Dx54L, 12V, 200 RPM, gear reduction box of 50: 1 whose readings were made with a sensor Encoder of quadrature
64 counts per The engine input. The control algorithms were loaded on a BeagleBone Black Rev.C and a VNH2SP30
model H bridge. The language chosen for implementation was Phyton.

4.1 System Identification

The identification of the system's transfer function was the same as (Malek et al, 2013). We applied a step response
in the above test bench. The response received by the encoder is saved in a vector file. By means of comparison we try
to identify this plant as a time delayed system both as with an integer and a fractional system as expressed in the Eq (13)
and Eq(14) respectively.

K
0 = e—LS
Ts +1 (13)
K :
Fro =7+ e”
Ts* +1 (14)

The next step is to identify the parameters K, T, L an o in these equations. So we take the error signal as

E0 =Yy, )~ 7,)
0 (15)

where y,(?) is the experimental data obtained by applying a step input to the plant, y,,(?) is the step response of the
considered models to the input and ¢ is the final time for simulation and experimental results.

Applying the Inverse Laplace Transform we finally use the Scilab function fminsearch, that searches for the
unconstrained minimum of a given cost function to find the values for parameters K, T, L and alfa. In Fig. 4 we can see
the experimental data and both the system identifications response to the step input. It is clear that the fractional order
system fits better with the data. So it is easily justifiable to opt for a fractional order PID controller for this system.
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Table 1. Estimated Parameters.

o K T L
Integer Order Plant 1.00 77 0.25 0.01
Fractional Order Plant 0.816 0.80123 15.41 0.01

Plant Identification

Rotational Speed (rpm)

J
0r Experimental Data
== |nteger Order Model

= = =Fractional Order model

1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400
Time (ms})

Figure 1. Integer and Fractional Order Models fit to the plants experimental response.

4.2 Controller Design

Considering the equation that bests describes this system is the of of the FO Plant, taking the values from Tab. 1 we
have the following transfer functions in the time domain:

G(S)[O — 77 670.0“
0.25s+1 (16)
0.80123 —0.01s
G0 =15 415050 11
’ (17)

From this values the previously described Radial Basis Function Network Algorithm was used for tuning of the
FOPID. The comparison Integer Order PID was tuned both, with the Ziegler-Nichols tuning and the Genetic Algorithm.
The comparison can be seen in Fig 5.
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Fractional Order and Integer Order Comparison
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Figure 5.Comparison of output signals in the experimental results.

And as for the FOPID, the tune was made by Ziegler-Nichols using the tuning rules for FOPIDs introduced by
Valerio and Costa (Valério et al, 2005) and also Genetic Algorithm.

Tuning Methods comparison for Fractional Order Controller

FO Plant - Ziegler-Nichols
+ueess FO Plant - RBF
—— FO Plant. Genetic Agorithm

Rotational Speed (rpm)

Time (ms)

Figure 5.Comparison of output signals in the experimental results using different tuning methods for a Fractional Order
Plant.

For the same plant were made measurements with different adjustments of PID controller parameters in order to
find the best tuning to be used as reference when comparing with the FOPID controller. For all measurements the
setpoint was chosen at 180 rpm because it presented a more stable motor response, according to factory specifications.

It is clear that for the test bench used in this experiment all of the designed controllers present a good response. The
Integer Order PID even shows better results in the initial tests.
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But on a second test with the use of unbalanced charge we can see undoubtedly that the fractional order controller
tuned by a Radial Basis Function have better performance and respond to the disturbances in the system. Figure 8 shows
the results both with the best performance PID tune and FOPID tuned by RBF .

8

Rotational speed (pm)

—

Time (s)

Figure 8. Comparison of output signals in the experimental results with unbalanced charge.

5. CONCLUSIONS

In this paper, a brushless DC motor test bench was identified as an single fractional order pole systems with constant
time delay and a an integer order PID and a fractional order proportional integral controllers are designed for it. For a
matter of performance and robustness performance the same system, both charge free and with an unbalanced charge,
controller is tuned by Ziegler-Nichols IOPID, GA 10OPID, Ziegler-Nichols FOPID, GA FOPID, and RBF FOPID. It has
been shown that for a charge free system all of the techniques chosen can offer good results, but when presented with
disturbances the RBF FOPID demonstrated the best results.

From the this experimental results, it is clear that the Radial Basis Function tuned fractional order controller work more
effectively than the designed integer order PID controller. In further tests we will test different learning parameters to
the neural network in order to improve the results in both studied situations.
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