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Abstract This paper illustrates the design and implementation of the speed control
of DC motor in real time using Matlab and Arduino Due board with conventional
and nonconventional methods. In the conventional technique, the PID controller is
implemented using two different modeling approaches, viz., first principles modeling
and data-driven modeling. In nonconventional techniques, an inverse neural network
controller is trained with three layers using backpropagation algorithm, concurrent
relay-based PID controller consists of a parallel PID controller with dead band relay,
and a neuro-fuzzy controller is designed and implemented using the adaptive neuro-
fuzzy interface system. The responses of simulation and in real time of closed-loop
speed control of DC motor are presented. A comparative study of time response
characteristics analysis has been carried out and observed that the performance of
the ANFIS controller performs better control than other control methods used in this

paper.
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1 Introduction

DC motors are used as an actuator and act as a final control element in many process
control systems. In control systems, the controller manipulates the actuator based
on the error signal. DC motors have been widely used in most of the applications in
avionics, process plants, automobiles, rolling mills, consumer products, etc. In such
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applications, speed and the position of the motor need to be controlled accurately, to
improve the efficiency and optimum performance of the system. Various conventional
and nonconventional techniques are currently in use to control the speed of a DC
motor in literature as PID controller, fuzzy logic, neural networks, hybrid models, etc.

Traditional methods like P, PI, and PID controllers are commonly used in many
applications as it is simple in design. The accuracy of the system response highly
depends on the tuning parameters of the PID controller and the governing equations
of the mathematical model [1]. Conventional control theory is suitable to model lin-
ear systems, and it is difficult to model the complex nonlinear systems where the
mathematical model is indecisive. In the past decade, several nonconventional tech-
niques have been developed and proven to overcome the difficulties in the modeling
of complex nonlinear dynamical systems such as sliding mode control, model refer-
ence adaptive control, fuzzy logic, neural network, and hybrid models like fuzzy-PID,
neuro-fuzzy, and genetic algorithms. In this paper, the design and implementation
of speed control of DC motor with Matlab software and Arduino Due hardware
are presented. Conventional PID method and nonconventional methods like inverse
neural network, neuro-fuzzy, and concurrent relay-based PID were implemented. A
comparative study is carried out in both simulations and in real time.

2 Experimental Setup

Figure 1 shows the block diagram of experimental setup considered in this paper.
Transcoil 12 V DC motor with inbuilt tachometer which runs at the maximum
speed of 4500 rpm is used. The sensitivity of the DC motor is 1.9 V/1000 rpm. At
maximum speed, the output voltage from the tachometer gives 8.5 V; however, the
Arduino Due microcontroller measures the maximum analog input voltage range
of 0-3.3 V. A level shifter is required to reduce the voltage of 0-8.5 V to 0-3.3 V
range is designed. The noise from the output of the tachometer is eliminated by an
RC low pass filter. The voltage from the tachometer is measured with Arduino Due
board with a sampling rate of 0.01 s and converted into speed [2]. The speed of the
DC motor is controlled using L.293D H-bridge controller. PWM signal required for
the desired speed is calculated and sent to the H-bridge controller [3]. The overall
circuit diagram and experimental setup are shown in Figs. 2 and 3.

2.1 Conventional Control

The block diagram of a general closed-loop feedback control system is shown in
Fig. 4. The controller takes the error as an input signal and produces the output
signal based on the type of the controller. The error signal is the difference between
the setpoint and the measured value. The type of the controller can be conventional
PID or nonconventional controllers such as fuzzy, neural or neuro-fuzzy controllers,
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etc. In this paper, PID controller is designed using the first principles model and
data-driven model.

2.1.1 First Principles Modeling

First principles model requires the knowledge of fundamental governing laws. The
mathematical model of the DC motor is as shown in Fig. 5. The transfer function
of the speed versus input voltage is shown Eq. (1). The model of DC motor can be
designed through either Matlab Simulink toolbox or Simscape toolbox. Most of the
times all the parameters may not be available from the manufacturer to design the
model. Some of the parameters not specified by the manufacturer for the above motor
are Bm (Damping Coefficient), Kb (Back EMF constant).

w(s) Kn
Va(s) Ly - JnS?+ Ry - Jm+La - Bm)S2+ (R, - By + Ky - K7)S

6]

Matlab provides an extension to Simulink toolbox is Simscape toolbox to develop
the model of DC motor from its electrical and mechanical ratings. The Simscape
model of the DC motor is shown in Fig. 6.
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Fig. 6 Simscape model of a DC motor

2.1.2 Data-Driven Modeling

Vansblestepditn

Data-driven modeling is used when the transfer function of the system cannot be
derived from the mathematical modeling. System identification tools are used to
estimate either a linear or nonlinear transfer functions from the acquired input—output
data of the system. Figure 7 shows the linear transfer function estimation from the

system identification tools.
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Fig. 7 System identification tools to obtain transfer function
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The estimated linear transfer function of the DC motor is

_ 0.0313Z7
T 1-1.974Z71 +0.9767Z72

TF 2)

2.2 Design of PID Controller

A widely used feedback controller in process control is PID controller due to its
simplicity in design [4]. The output of the controller depends on the present, past,
and future error. The governing equation of the PID controller is

u(t) = Kpe(t) + K; [ e(t)dt + Ky dz(:)

3)

where K., K;, Kq are the constants of the controller proportional, integral, and deriva-
tive control. The main challenge of the PID controller is tuning of the PID parameters
can be performed either online or offline. Several offline tuning techniques such as
Ziegler Nicholas and open reaction curve method exist in the literature.

In this paper, tuning of the PID controller has done in offline with Matlab automatic
tuning toolkit from the model obtained through either first principles or data-driven
modeling technique. Figure 8 shows the Simulink model to tune PID constants, and
Fig. 9 shows the parameters tuned by the toolkit. Figure 10 shows the Simulink model
of closed-loop controller in real time which measure the speed from the Arduino Due
board and generates the PWM signal by desired for the PID controller.

3 Nonconventional Modeling

Conventional techniques are still widely used in process industries due to simple
in design, less cost, and not appropriate for nonlinear systems [5]. Obtaining the
mathematical model for nonlinear complex systems is difficult consequently; the
intelligent controlling techniques such as fuzzy logic, neural network, and hybrid
models are used to achieve optimum performance in nonlinear systems.

: PID{ar Voltage Spasd Scope
PID Controller1
Generator Subsystemn

Fig. 8 Simulink model to tune PID constants
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Fig. 10 Simulink model of PID controller in real time

3.1 Inverse Neural Network Controller

Figure 11 shows the block diagram of an inverse neural network controller. Neural
networks are used in control of nonlinear systems due to its ability of learning. The
network is trained to act as the inverse of the system and used as a controller [6]. In
this paper, the network is trained with four inputs y(k + 1), y(k), y(k — 1), y(k — 2)
and u(k) where u(k) is the input voltage of motor and y(k) is the speed of the motor
as output. After the training, y(k + 1) is replaced with the set point. Equation 3 shows
the output of the inverse model is

uk) = folytk+1),yk),...,ytk—n—1,utk —n),...,utk —m+1) (3)
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Fig. 11 Block diagram of an inverse neural network
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Fig. 12 Simulink model inverse neural network in real time

Figure 12 shows the implementation of neural network controller Simulink model
in real time.

3.2 Design of Concurrent Relay PID Controller

Guomin Li proposed a hybrid model in 2007 by adding a dead band relay and a limited
integrator to the PID controller. Dead band relay outputs a signal when the error is
large and switched off when the error is small [7]. The purpose of the integrator
is used to reducing the settling time. The lead compensator is to adjust the gain
margin and phase margin to keep the closed loop system is stable. This hybrid model
improves the system response when compared to PID alone. Figure 13 shows the
block diagram of CRPID controller.

The lead compensator gain Gl = %, dead band relay, and limited integrator
ki = % are calculated from above equations, where d is the maximum controller

output and h is the maximum and T is the time constant and placed parallel to PID
controller.
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3.3 Design of Neuro-Fuzzy Controller

Hybrid models such as fuzzy neural and neuro-fuzzy controllers offer the advantages
of both the controllers. In 1993, Jang introduced the concept of an intelligent approach
known as ANFIS which combines the merits of a fuzzy logic with optimized rules and
membership functions and neural network models to solve nonlinear and complex
models with good precision [8]. From the sampled input—output data, the Matlab
ANFIS tool generates a fuzzy file and its member functions that are tuned with a
neural network. Figure 14 shows the ANFIS tool to design a neuro-fuzzy controller.
Figure 15 shows the Simulink model for implementation of ANFIS model in real
time.
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Fig. 14 Matlab ANFIS tool with input—output data



668 B. Udaya Kumar and M. Ramesh Patnaik

Sample Time Ts=0.01

fuzin |

_.{ anfis_fuzop I

anfis_pmw

To Workspace5 To Workspace3 To Workspace1
RPM Saturation Data Type C:
Generator
Fuzzy Logic Abs i
Scopet Controller PWM
| "th Rulsviswsr °
| foxie | ARDUING
Constant1
Data rype Converslorﬂ nn
To I Pin 13
Digital Output
Fioader Baud Rato - 57600
-E[ Analog InTo ]
ARDUING Data Type Conversion4 Convert int16 to uint8 Arra
Faval N mun ] To Workspace

rom Analog InTo Seriall
Pin 0

Convert int16 to uint8 Array1
Analog Input

Terminator

Fig. 15 Simulink model for implementation of ANFIS model in real time

4 Results and Conclusion

The experiment has been successfully conducted at different speeds and the practical
values are compared with the theatrical values matched satisfactorily and observed
that the speed of the motor follows the set point. Figure 16 shows the time response
characteristics of all the models observed at a speed of 2000 rpm. The rise time and
settling time of all the models are listed in Table 1. It is observed that the performance
of ANFIS controller is better among the remaining methods used in this paper.
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Fig. 16 Comparison of models in real time

Table 1 Comparison of real-time response parameters

Modeling First Data driven | CRPID Neural ANFIS
technique principles network

Rise time (s) 32 2.75 2.1 1.8 0.9
Settling time (s) |3.3 2.7 1.6 1.3 0.6
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