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ABSTRACT

The aim of this thesis is to design a speed controller of aridot@r by selection of PID
parameters using Ant Colony Optimization (ACO) and Artifidede Colony Algorithm (ABC).
These algorithms are come under the category of bio-inspiradipation techniques. The model of
a DC motor is considered as a second order system for speed emutrtlird order system for
position control. Here, there is a comparison between conventionad tondthods and optimization
techniques of parameters for PID controller. In some casessitfeund that the proposed PID
parameters adjusted by optimization technique is better thacotheentional techniques like a
Ziegler-Nicholls’ method. These proposed optimization methods could beépli higher order
system also to provide better system performance with miniemwaons. It is decided to create an
objective function which will evaluate the optimum PID gains based onahiolled systems and

overall error.

This tries to explore the potential of using optimization techniguesontrollers and their
advantages over conventional methods. PID controller is the moslywisied controller in the
industry applications, need efficient methods to control the differeainmers of the DC motor.
The conventional approach is not very efficient due to the presencendhaarity in the system.
The output of the conventional PID system has a quite high overshoot dimg $ihe. The main
aim this is to apply two ACO and ABC techniques to design and tuniRgDotontroller to get an
output with better dynamic and static performance. The applicatiohC& and BA to the PID
controller imparts it the ability of tuning itself automatlgaln an on-line process while the
application of optimization algorithm to the PID controller make® igive an optimum output by

searching for the best set of solutions for the PID parameters.



ORGANISATION OF THESIS

Chapter 1: It includes the information about the thesis.
Chapter 2: This chapter elaborates the different literature reviews relatixe: tsubject.

Chapter 3: Basic block diagram, mathematical model and overall trangfetibn of the separately

excited DC motor.

Chapter 4: This chapter contains basic theory of PID controller and ginhegeplanation about

classical PID tuning methods for open-loop and closed-loop system.
Chapter 5: This shows about the optimal tuning of PID controller using error integrals.

Chapter 6: The basic theory and algorithm has been discussed about the dpmmngl of PID
controller using Ant Colony Optimization.

Chapter 7: The basic theory and algorithm has been discussed about the dptiingl of PID

controller using Artificial Bee Colony Algorithm.

Chapter 8: Thesis has been concluded with future scope in this chapter.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

This chapter includes a brief introduction about the DC motor modelk; fasory and
parameters for PID controller and finally different biologigagired optimization techniques i.e.
Ant Colony Optimization and Artificial Bee Colony Algorithm. Theasic ideas for both
optimization techniques depend upon their respective foraging behawviduhe solution can be

made as per the plant model.

1.2 DC Motor

DC motor drives are widely used in applications requiring adjustsfied, good speed
regulations and frequent starting, braking and reversing. Some impaggpintations are rolling
mills, paper mills, mine winders, hoists, machine tools, traction, ipgirpresses, textile mills,
excavators and cranes. Fractional horsepower DC motors are wisiedly as servo motors for
positioning and tracking. Although, it is being predicted that AC driwél replace DC drives,
however, even today the variable speed applications are dominated Ogve€ because of lower
cost, reliability and simple control. As per the control of DC matoeye are lot of methods to
control the speed and position of the motor. The purpose of a motor speealler is to take a

signal representing the demanded speed and to drive a motor at that speed.

1.3 PID Controller

PID (proportional-integral-derivative) control is one of the ead@ntrol strategies. Its early
implementation was in pneumatic devices, followed by vacuum and stabel analog electronics,
before arriving at today’s digital implementation of microprooesdlt has a simple control structure
which was understood by plant operators and which they found relagiasiyto tune. Since many
control systems using PID control have proved satisfactory, it still has aavige of applications in
industrial control. PID control is a control strategy that has baeoessfully used over many years.
Simplicity, robustness, a wide range of applicability and nearmaptperformance are some of the
reasons that have made PID controller so popular in the academicdaistty sectors. Recently, it
has been noticed that PID controllers are often poorly tuned and storte bve been made to
systematically resolve this matter. PID control has beeactine research topic for many years;
since many process plants controlled by PID controllers haviéasidynamics it has been found
possible to set satisfactory controller parameters from péemst information than a complete

mathematical model. These techniques came about because of tle tdeadjust controller

1



parameters with a minimum of effort, and also because of thebleoshfficulty and poor cost

benefit of obtaining mathematical models.

The PID controller calculation (algorithm) involves three sepan@arameters, and is
accordingly sometimes called three-term control: the proportitr@integral and derivative values,
denoted P, I, and D. The proportional value determines the reactiondortbat error, the integral
value determines the reaction based on the sum of recent errorse atedivative value determines
the reaction based on the rate at which the error has beegirgharhe weighted sum of these three
actions is used to adjust the process via a control element stlah @ssition of a control valve or
the power supply of a heating element. Heuristically, these values can pectieigin terms of time:

P depends on the present error, | on the accumulation of past anr, is a prediction of future
errors, based on current rate of change. By tuning the three comstén®$ID controller algorithm,
the controller can provide control action designed for specific pgaeggiirements. The response of
the controller can be described in terms of the responsivenesscointingller to an error, the degree
to which the controller overshoots the setpoint and the degreeteirsgscillation. Note that the use

of the PID algorithm for control does not guarantee optimal control of the systgstemsstability.

Controller Rise Time Overshoot Settling Time Steady State
Response Error

Kp Decrease Increase Small Change Decrease

Ti Decrease Increase Increase Eliminate

Ty Small Change Decrease Decrease Small Change

Table 1.1: Effect of each controllersKp, Ti and T4 on a closed-loop system

The PID controller is the most common general purpose controllieichemical process
industry today. It can be used as a stand-alone unit, or it camthod padistributed computer control
system. Over 30 years ago, PID controllers were pneumatic-meahdavices, whereas nowadays
they are implemented in software in electronic controllers. éléetronic implementation is much
more flexible than the pneumatic devices since the engineexasily re-program it to change the
configuration of things like alarm settings, tuning constants@ice we have programmed the PID
controller, and have constructed something, either in software dwéa to control, we must tune

the controller.

For many industrial process control requirements, only proportional t@wasatisfactory
since the offset cannot be tolerated. Consequently the Pl contsofjeobably the most common

controller, and is adequate when the dynamics of the processsamtially first or damped second

2



order. PID is satisfactory when the dynamics are second bethader. However the derivative
component can introduce problems if the measured signal is noisg pirdlsess has a large time
delay, the derivative action does not seem to help much. In factétol finds it difficult to
control processes of this nature, and generally a more sophisticatidller such as a dead time
compensator or a predictive controller is required. Processesrthdtighly under damped with
complex conjugate poles close to the imaginary axis are affoulito control with a PID
controller. Processes with this type of dynamic charactsistie rare in the chemical processing
industries, although more common in mechanical or robotic systamgrising of flexible

structures.
Proportional Action:

In the case of pure proportional control, the control law of Equatiprii{e control action is
simply proportional to the control error. The variablasua bias or a reset. When the control error e
is zero, the control variable takes the valug@)'= u,. Bias u is often fixed to ("thax + "Umin)/2, but

can sometimes be adjusted manually so that the stationary control error isazgreea setpoint.
u(t) = Ke(t) + w .. (1)
Integral Action:

The main function of the integral action is to make sure thaprbeess output agrees with
the setpoint in steady state. With proportional control, there is figramaontrol error in steady
state. With integral action, a small positive error will @ lead to an increasing control signal, and
a negative error will give a decreasing control signal no miatt& small the error is. The following
simple argument shows that the steady-state error willyallva zero with integral action. Assume
that the system is in steady state with a constant congrmhlguy) and a constant errorje The
control signal is then clearly contradicts the assumption Heatcontrol signalip is constant. A
controller with integral action will always give zero steady-stater.

Derivative Action:

The purpose of the derivative action is to improve the closed-ladyilist. The instability
mechanism can be described intuitively as follows. Because girtduess dynamics, it will take
some time before a change in the control variable is noticéalilee process output. Thus, the
control system will be late in correcting for an error. Thgoacof a controller with proportional and
derivative action may be interpreted as if the control is made piapalrto the predictegrocess
output, where the prediction is made by extrapolating the errdreébtahgent to the error curve. The

basic structure of a PID controller is A Taylor series expansThe control signal is thus
3



proportional to an estimate of the control error, where the awins obtained by linear

extrapolation.

1.4 Ant Colony Optimization

Ant Colony Optimization (ACO) is an evolutionary meta-heuristigorithm based on the
collective behavior emerging from the interaction of the dffiersearch threads that has proved
effective in solving combinatorial optimization problems. The gainthefcontroller are tuned by
trial and error method based on the experience and plant behavioACIhealgorithm is used to
optimize the gains and the values are applied into the controllee gflant. The objective of this
algorithm is to optimize the gains of the PID controller fog given plant. The proportional gain
makes the controller respond to the error while the integral diggvgain help to eliminate steady
state error and prevent overshoot respectively. ACO is a paradigmesigning metaheuristic
algorithms for combinatorial optimization problems. The first atgor which can be classified
within this framework was presented in 1991 and, since then, many dixaataats of the basic
principle have been reported in the literature. The essential dfaACO algorithms is the
combination of a priori information about the structure of a promisihgisn with a information
about the structure of previously obtained good solutions. Metaheuristicttadgs are algorithms
which, in order to escape from local optima, drive some basic heurgther a constructive
heuristic starting from a null solution and adding elements to buglsbd complete one, or a local
search heuristic starting from a complete solution and itehatimedifying some of its elements in
order to achieve a better one. ACO is founded on the foraging behaviants and their indirect

communication based on pheromones, and has been applied to several combinatorial problems.

The ACO was inspired from natural behavior of the ant colonies on hgwititethe food
source and bring them back to their nest by building the uniquefdraiation. In the ACO
algorithm for a d-variabled optimization problem, a population of apat into the d-dimensional
search space with randomly chosen positions knowing their best galfi@sand the position in the
d-dimensional space. The distance of each city, adjusted accooditsgown level of pheromone
and the other ant’s level of pheromone. The Conventional fixed gairtétioller is well known
technique for industrial control process. The design of this comtrodlquires the three main
parameters, Proportional gaingjKintegral time constant (JTand derivative time constantd)T The
gains of the controller are tuned by trial and error method baseitheoexperience and plant
behavior. In proposed ACO-PID controller, ACO algorithm is used to ageirtiie gains and the
values are applied into the controller of the plant. The objective oftgorithm is to optimize the

gains of the PID controller for the given plant. The proportional geikes the controller respond to



the error while the integral derivative gain help to eliminatadstestate error and prevent overshoot

respectively.

The main idea of ACO is to model the problem as the search ff@nimum cost path in a
graph that base the evolutionary meta-heuristic algorithm. Thevibeld artificial ants is inspired
from real ants. They lay pheromone trails and choose their path tusigition probability. Ants
prefer to move to nodes which are connected by short edges with antogly af pheromone. The
algorithm has solved travelling salesman problem (TSP), quadisgignment problem (QAP) and
job-shop scheduling problem (JSSP) and so on.

Ant algorithm is a new nature-inspired optimization technique usggkceally in
combinatorial optimization problems (COP). In ant algorithm, tieeam iterative process in which a
population of simple agents (ants) repeatedly creates candidatersohftthe given problem. There
are two mechanisms in probabilistically guided solution creatiorwegsd These are heuristic
information on the given problem and memory containing experience eadthwr ants in the
previous iterations (the pheromone trails). The communication betiveeants is mediated by the
deposition of pheromone to the elements of good solutions. Then the elentleraigher quantity
of pheromone become more attractive for the other ants. The guainiheromone deposited on

each element is a function of the quality of the solution.

1.5 Artificial Bee Colony Algorithm

The bees algorithm (BA) is a population-based search algoritsindwveloped in 2005. It
mimics the food foraging behaviour of swarms of honey bees. Ipag& version, the algorithm
performs a kind of neighbourhood search combined with random search and wsedider both
combinatorial optimization and functional optimisation. The BA is an agation algorithm
inspired by the natural foraging behaviour of honey bees to find thea®olution. The algorithm
requires a number of parameters to be set, namely: humber ofoessjtnumber of sites selected
out of visited sites, number of best sites out of selected siiesher of bees recruited for best sites,
number of bees recruited for the other selected sites, siz@lof patches which includes site and its
neighbourhood and stopping criterion. Bee-based algorithms are novel mathedgineering
optimization and there are few works in the field of control anctrédal engineering. The Artificial
Bee Colony (ABC) algorithm is employed to optimize the givestess model. Natural behavior of
bees and their collective activities in their hives has besainfating researchers for centuries.
Recently, the studies focused on swarm intelligence followedebgloping swarm optimization

methods have unbelievably extended our knowledge about animal socigiexsaks insect



colonies. Ants and bees are the most important social insectangseificient problem-solving

algorithms.

Similar to other nature-based algorithms, ABC models honey bees butenessarily
precisely. In this model, the honey bees are categorized as yemplonlooker and scout. An
employed bee is a forager associated with a certain food satick she is currently exploiting.
She memorizes the quality of the food source and then after refwoniihe hive, shares it with other
bees waiting there via a peculiar communication called waggleedat onlooker bee is an
unemployed bee at the hive which tries to find a new food sasing the information provided by
employed bees. A scout, ignoring the other’s information, searoesd the hive randomly. In
nature, the recruitment of unemployed bees happens in a nearlgrsiay). In addition, when the
quality of a food source is below a certain level, it will benaloded to make the bees explore for

new food sources.

In the last decades, design engineers have concentrated on evolub@seayapproaches to
improve the existing design theories and find the best design resulise the parameters of PID
controllers. The properly selection of the PID parameteses isnportant that the closed loop system
must meets design requirements. The design requirements can inghideum overshoot, rise
time, steady state error and settling time in the stggnse of the closed loop system. The Atrtificial
Bee Colony (ABC) and Bees algorithms (BA) have been used sfigitgs$o solve many problems
and applied to constrained and unconstrained single objective functiamzagions. In this work,
the ABC and the BA were employed to optimize the parameteP$D controllers. To indicate the
effectiveness and efficiency of the proposed optimization methodsteiheesponses of closed loop

systems were compared with the ABC and the BA.

In the ABC algorithm, the collective intelligence searchgdel of artificial bee colony
consists of three essential components: employed, unemployed ¢pbagis, and food sources. The
employed and unemployed bees search for the rich food sources, vdsehakhe bee's hive. The
employed bees store the food source information and share the inforwéth onlooker bees. The
number of employed bees is equal to the number of food sources and alsto éaaamount of
onlooker bees. Employed bees whose solutions cannot be improved throughermiedd number
of trials, specified by the user of the ABC algorithm andedatlimit’, become scouts and their
solutions are abandoned. The model also defines two leading modes obbelei are necessary
for self-organizing and collective intelligence: recruitmehforagers to rich food sources resulting

in positive feedback and abandonment of poor sources by scout causing negative feedback.



1.6 Conclusion

Brief descriptions about DC motor model, PID tuning control, Ant Col@ptimization and
Artificial Bee Colony Algorithm are thus discussed in this ptea The operating principle,
construction and working of the dc motor and different parameterheofcontroller are also
elucidated. By tuning the three constants in the PID controtjeriddim, the controller can provide
control action designed for specific process requirements. Tphenss of the controller can be
described in terms of the responsiveness of the controller toran #re degree to which the
controller overshoots the setpoint and the degree of system oscillation.



CHAPTER 2
LITERATURE REVIEW

2.1 Introduction

In the past decades, control theory has gone through major developmavascéd and
intelligent control algorithms have been developed over the yearsewdowhe PID-type controller
remains the most popular in industry; studies even indicate that apatekr 90% of all industrial
controllers are of the PID-type. Reasons for this are the isitgpbf this control law and the few
tuning parameters. Hundred of tools, methods and theories are avhilatiless purpose. However,
finding appropriate parameters for the PID controller is atidlifficult task, so in practice control
engineers still often use trial and error for the tuning proCHss. literature overview gives an
impression of a number of the available methods for PID control designdiscusses the
advantages, disadvantages and their applicability.

2.2 Literature Review

N. Navidi et al. presented an ant colony search algorithm (ACSA) method fomuateg
the optimal PID controller parameters for speed control ofneafi brushless DC motor. The
proposed approach has superior features, including easy implementitible convergence
characteristic and good computation efficiency. The proposed methedmeee efficient in
improving the step response characteristics such as reducisig#y-state error, rise time, settling

time and maximum overshoot in speed control of a linear brushless DC motor [1].

A. Soundarrajaret al. described PID tuning for AVR in autonomous power generating
systems. The proposed method overcomes the drawbacks of conventionahitxedriroller and
improvement of settling time, oscillations and overshoot. The desigprgdller adapt themselves
to varying loads and provide better performance as compared to comaeiRiD, fuzzy, Genetic
Algorithm and Particle Swarm Optimization. The proposed ACO-Rttroller provided a
satisfactory stability between frequency overshoot and transsaitations with zero steady state
error [2].

An efficient algorithm to tuning Pl-controller parameters fourgt active power filter using
ACO were developed by Brahim Berbaaii al. The proposed ACO-PI controller compensates
currents to shunt active power filter (SAPF) under balancedgedtaonditions which is applied to
eliminate line current harmonics and compensate reactive powsrafjmioach was not only easy to
implanted but also very effective in reducing the unwanted harmanidscompensating reactive

power [3].



Huseyin Atakan Varol and Zafer Bingul employed minimizationnbégral absolute error
(IAE), integral squared error (ISE) and a new proposed cost funaited aeference based error
with minimum control effort (RBEMCE) and results were compangith Ziegler-Nichols (ZN),
Integral Model Control (IMC) and lterative Feedback Tuning (IFBthods. From this method, a
faster settling time, less or no overshoot and higher robustnesseieesed. ANT-RBEMCE PID
tuning process: having no overshoot even if the system is perturbedaral ways and having noise

rejection even if very high noise variance exists [4].

Ying-Tung Hsiao and Cheng-Long Chuang developed an approach to desigan@iier,
to obtain good load disturbance response by minimizing the integralusdbsantrol error and
minimizing the overshoot, settling time and rise time of stepaese. The algorithm based on ACO
technique to determine the parameters of the PID controller. Bherdeof presented technique is
that it can be implemented quite easily, it allows a morabfileyroblem formulation and allows to
find a global optimum solution for the problem of the design PID controllers [5].

Hong Heet al. were described the conventional techniques are fairly time conswanag
PID controller have not self-adaptive ability and can only depend biiciar optimization
parameters. PID controller based on ant colony algorithm istiefeand feasible, simple, robust,
easy-to-parallel and is a highly efficient method of optimiatACO not only improved the quality

of control system design but also designed to reduce the degree of difficulty [6].

Duan Hai-binet al. developed a novel approach to nonlinear PID parameter optimization
using ACO algorithm. To optimize the parameters nonlinear PID altertran objective function
based on position tracing error was constructed and elitistggtratbopted in the improved ACO
algorithm. Under this, it has high precision of control and quick respanaésol possesses good

control and robust performance and can be used to control different kinds of object and[pfocess

Dr. S. M. GiriRajkumaet al.developed an ACO algorithm to optimize the parameters in the
design of a PID controller for a highly nonlinear conical tankteay. The proposed approach
discussed about the ACO and its application over the parameter afréng! controller in a real
time process. The various results presented prove the betternbesAC® tuned PI setting than
IMC tuned ones. ACO presented advantages to a designer by opevitireg reduced number of
design methods to establish the type of the controller, configuringlythemic behaviour of the
control system with ease, design with a reduced amount information thieocntroller under the

problem of designing a control system for a plant of a first-order systdnmawime delay [8].

Mahdi Abachizadelet al. developed an efficient method based on Atrtificial Bee Colony

(ABC) metaheuristic for PID controller tuning. The performanndices and time delays were
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controlled by PID controller with optimum gains. The study ¢jedemonstrate that the employed
method has outperformed better than other techniques such as fuzzy amidhGAnimum error,

overshoot and settling time. [9].

Ozden ERCIN and Ramazan COBAN presented the performance of the Aieiéei&olony
(ABC) and the Bees Algorithm (BA) and were compared for proportionedral-derivative (PID)
controller tuning. The results obtained show good stability, set-poickiriga performance and
robustness. However, performance of the ABC is better than BAPHOrcontroller tuning. To
indicate the effectiveness and efficiency of the proposed optionzatethods, the step responses of
closed loop systems were compared with the ABC and the BA. AlthinegABC consists of less
control parameters, it has a better tuning performance thanAhehigh consists of many control

parameters and also ABC is faster than BA [10].

H. Gozde,et al. studied a new artificial intelligence based optimization methaaptonize
the gains of PID controller for Automatic Voltage Regulator BVsystem. The dynamic
performance of the controller which was optimized by ABC dligor was compared with Particle
Swarm Optimization (PSO). The maximum overshoots and the sditiieg of the control system
which was optimized with ABC algorithm are as small as ab0&t of PSO algorithm. The study
explained that ABC algorithm showed better performance than the eptheulation based
optimization algorithm [11].

Gaowei YAN and Chuanggin LI presented an effective artificia belony optimization
algorithm based on chaotic search and application for PID controlgtufiire chaotic local search
method was applied to solve the accuracy problem of global optimal dleeonvergence issue of
the artificial bee colony algorithm has been improved by asing the number of scout and rational
using the global optimal value and chaotic search. The chaotchs&BC (CABC) algorithm has a
great adaptability to the actual control system and PID cosysiem based on CABC can realize
the optimization and tuning of parameters. CABC algorithm has arhaguwracy and the PID
control system with optimal parameters can obtain the qualityldlarise time, overshoot and

quickly achieve the steady state [12].

K. Sundareswaran developed a DC motor speed controller design usihgng of honey
bees. An optimization model for the controller design for speed caftidC motor was developed
and solution was sought through bees foraging algorithm. The foragimayior of a colony of bees
develop an optimization algorithm and same was used to design ctageddeed controller for
variable speed DC motor drive with its PID parameters. Tohpgsed method was compared with
traditional and GA based controller designs and it studied thatethebees optimization is superior
and provides excellent dynamic response [13].
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Fei Gaoet al. were implemented an novel optimal PID tuning and on-line tuningdbaise
artificial bee colony algorithm. An ABC algorithm approach wasoduced in PID tuning and on-
line tuning as a novel technique for optimum adaptive control in a non-LyapuapvTwue PID
parameters were converted to a series of multi-modal non-nedatiggons’ minimization and
whose minimum values were optimally determined by ABC. At titk ABC is efficient and robust

for PID control tuning and tuning on-line [14].

Anguluri Rajasekhaet al. were proposed a new technique for designing feedback control of
a DC motor speed using fractional order proportional-integral-des@v&@OPID) controller. The
controller was formulated as a single objective optimization probdnd based on integral time
absolute error (ITAE) criterion; finally, a modified ABC algbrn was used to tune the FOPID
controller parameters. The proposed approach was demonstrated by ogntpaiith conventional
and the ABC algorithm [15].

2.3 Conclusion

This chapter gives an idea about the ACO and ABC based PID tueithpas as found in
literature. Many methods have been presented based on the work aaddusse very simple
process models to derive tuning rules. These methods are veryoeasg and do not require
extensive knowledge of the process. In the forthcoming chajatenotor drive modeling has been

carried out.
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CHAPTER 3
DC MOTOR

3.1 Introduction

As per the control of DC motor, there are lot of methods to control the speed armah pafsi
the motor. The purpose of a motor speed controller is to take al sepresenting the demanded
speed and to drive a motor at that speed. The controller magyonoh actually measure the speed
of motor. If it does, it is called a Feedback Speed Controlleraded Loop Speed Controller, if not
it is called Open Loop Speed Controller. Feedback speed conti®lleetter, but it is more

complicated.

3.2 DC Motor Modd

In armature control of separately excited DC motors, the voldpgeed to the armature of
the motor is adjusted without changing the voltage applied todlie Rigure 3.1 shows a DC motor

equivalent model.

Figure3.1: DC Motor M odel

di, (1

Some useful relations are Vv, (t) = R,i,(t) + LaT+ e (D (2
& (1) = K.a(9) .. (3

To(0) = Ki (1) . (@)

T.0-T.0= 3,544 By - ®

where \4 = armature voltage (V), R armature resistanc&), L, = armature inductance (H) #
armature current (A), = Back emf (V) = angular speed (rad/sec), ¥ motor torque (Nm), T=
load torque (Nm),@ = angular position of rotor shaft (rad), 3 rotor inertia (kgrf), Bm = viscous

friction coefficient (Nms/rad), K= torque constant (Nm/A), = Back emf constant Qfad) [16].
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Figure 3.2 showing the basic block diagram of DC motor model includie transfer

functions. \4is the input supply, Tis load torque and is angular speed.

Load
Torque
T
Va 1 Ia Kt m 1 a) _
L,s+ R Jnst B, Spee:
Kb
Figure 3.2: Basic block diagram of DC Motor Model
3.3 Speed Control of DC Motor
Substitute (3) in (2) and (4) in (5), we get
v =R+ L%+ kg - (®)
. da(t
K1) =3, 290 + 8 ot NG
Taking Laplace transform of equations (5) and (6),
V(9= Ri(9+ sk I( 3+ Kl X ®
Klo(8) = sJal 9+ B b ©
There are two possible conditions:
When T. =0
Va 1 l K, Tm - 1 @
L,s+R Inst B, Spee
Kb

Figure 3.3: Block diagram of DC Motor Model when T =0
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Figure 3.3 shows that the DC motor is running untefoad condition (ideal) i.e., T= 0.
Now find the transfer function a@¥(s) with respect to ¥s).

So, the relation between motor speed and applikdgeois given by the transfer function,

as) _ K,
V(9 LIE+(RI+ LB s( RB KK

... (10)

and when Y=0

A 4

1 K ,QQ o1 ©
|_S‘|'F\)d JmS+Bn

Spee:

Kb

A

Figure 3.4: Block diagram of DC Motor Model when V,=0

Figure 3.4 shows the DC motor model when suppltaga (\4) is 0 and the transfer function
of o(s) is with respect to[s).

Here, the relation between motor speed and loagi¢ois given by the transfer function,

s _ ~(Ls+R)
T(9 LLS+H(RI+ LB s(RE KK (1)

3.4 Position Control of DC Motor
WhenT =0

For a closed-loop system, the relation betweerntipasand speed is given as,
1
H(S)—gw(s) .. (12)

o(s) _ K,
Vo9 LJS+H(R+ LB SRR KK

.. (13)
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and when Y=0

For a closed-loop system, the relation betweertipasand load torque is given as,

o) _ ~(L,s+R)
T(9 LIS+(RI+ LB S (RE KK )

3.5 Conclusion

Due to its excellent speed control characteristics, DC motor has been widely used in
industry even though its maintenance costs areshitjian the induction motor. As a result, position
control of DC motor has attracted considerable axete and several methods have evolved.
Proportional-Integral Derivative (PID) controllehgve been widely used for speed and position
control of DC motor. In the next chapter only speedtrol of dc motor drive has been considered.
Few classical tuning techniques has been appliesstdhe performance of the drive system.
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CHAPTER 4
CLASSICAL PID TUNING METHODS

4.1 Introduction

The PID controller is the most common generappse controller in the today’s industries. It
can be used as a single unit or it can be a paat distributed computer control system. Over 30
years ago, PID controllers were pneumatic-mechhrileaices, whereas nowadays they are
implemented in software based techniques like ARDNzzy Logic, Genetic Algorithm and most

popular Optimization techniques.

After implementing the PID controller, now we leato tune the controller; and there are
different approaches to tune the PID parameters Rk | and D. The Proportional (P) part is
responsible for following the desired set-point ietihe Integral (I) and Derivative (D) part account
for the accumulation of past errors and the rateclidnge of error in the process or plant,

respectively.
4.2 PID Control

PID controller consists of three types of conirel Proportional, Integral and Derivative control
[17].

Error

Input @

Output
PLANT >

A\ 4

) 4

Figure 4.1 Schematic of PID Controller

4.2.1 Proportional Control (P)

The proportional controller output uses a ‘promortiof the system error to control the
system. However, this introduces an offset errtwr ihe system or plant [17].

P

term

= pr Error .(15)
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4.2.2 Integral Control (1)

The integral controller output is proportional ke tamount of time; there is an error present
in the system. The integral action removes theebfistroduced by the proportional control but
introduces a phase lag into the system [17].

I :KiXJErrordt

term

... (16)
4.2.3 Derivative Control (D)

The derivative controller output is proportionaltt@ rate of change of the error. Derivative
control is used to reduce or eliminate overshodtiatroduces a phase lead action that removes the
phase lag introduced by the integral action [17].

xd(Error)
dt .. (17)

D

term

:KD

4.2 4 Standard Transfer Function

The system transfer functions in continuous s-doraee given as

ForP =K, [I=Kisand D=Kgs
K.
G.(s)= P+ I+ D= Kp+?'+ Ky S ... (18)
G.(9=K,|1 1 T
(9 =K, +E+ aS .. (19)

wherekK, is the proportional gairk;; is the integration coefficient aris the derivative coefficient.

Ti is known as the integral action time or reset tand T is the derivative action time or rate time
[17].

4.3 Open Loop Tuning Methods

4.3.1 Introduction

Open loop tuning methods are where the feedbackratlem is disconnected and the
experimenter excites the plant and measures thmmes. The key point here is that since the
controller is now disconnected the plant is cleady no longer strictly under control. If the losp
critical, then this test could be hazardous. Indé#te process is open-loop unstable, then welvell
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in trouble before we begin. Notwithstanding for mammocess control applications, open loop type
experiments are usually quick to perform, and @elimformative results. If the system is steady at

setpoint, and remains so, then we have no infoomatbout how the process behaves.

There are various tuning strategies based on an-lopp step response. While they all
follow the same basic idea, they differ in slightiyhow they extract the model parameters from the
recorded response, and also differ slightly asetate appropriate tuning constants to the model
parameters. There are four different methods, ldmsic Ziegler-Nichols open loop test, the Cohen-
Coon test, Internal Model Control (IMC) and Appnowte M-constrained Integral Gain
Optimization (AMIGO). Naturally if the response i®t sigmoidal or ‘S’ shaped and exhibits
overshoot, or an integrator, then this tuning metismot applicable.

This method implicitly assumes the plant can beqadtly approximated by a first order
transfer function with time delay,

—gs
Gp _ Ke
Ts+1

... (20)

where K is gainf is the dead time or time delay, and T is the dpep process time constant. Once
we have recorded the open loop input/output daigh,sabsequently measured the times Ttaride

PID tuning parameters can be obtained directly ftioengiven tables for different classical methods.

1 7

— ™ Plant "

mput output

Figure 4.2 Block diagram of plant with variable output

The method is based on computing the timeant ¢ at which the 35.3% and 85.3% of the
system response is obtained as shown in the figure:
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85.3%

35.3%

Figure 4.3 System response for first order time delay transfer function

After computing thejtand t times, the time delay) and process time constant (T) can be
obtained from the following equations:

6=1.3,-0.29,

T=0.67¢,-t) - (@)

4.3.2 Ziegler-Nichols Tuning Method

The PID tuning parameters as a function of the dpep model parameters K, T afidrom
equation (20) as derived by Ziegler-Nichols.

They often form the basis for tuning procedureslusecontroller manufacturers and process
industry. The methods are based on determinatiosoaie features of process dynamics. The
controller parameters are then expressed in tefrtisecfeatures by simple formulas. The method
presented by Ziegler and Nichols is based on astragjon of the open-loop step response of the
system, which is characterized by two parameta. determined, and the tangent at this point is
drawn. The intersections between the tangent amddbardinate axes give the paramefeandd. A
model of the process to be controlled was derivethfthese parameters. This corresponds to
modelling a process by an integrator and a timeydeFiegler and Nichols have given PID
parameters directly as functions Dfand . The behaviour of the controller is as can be exgkect
The decay ratio for the step response is closenéoquarter. It is smaller for the load disturbance.
The overshoot in the setpoint response is too large
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Controller Ko T, T4
=] T - -
. . K&
Ziegler-Nichols
Method (Open Pl 0.91 (7] -
loop) K& 0.3
PID 1.21 20 0.5
K&

Table4.1 Ziegler-Nichols open loop method

4.3.3 Cohen-Coon Tuning Method

Cohen and Coon based the controller settings othtke parameters T andK of the open

loop step response. The main design criterionjéxtien of load disturbances. The method attempts

to position closed loop poles such that a quakteay ration is achieved.

The PID tuning parameters as a function of the dpep model parameters K, T aAdrom

equation (20) as derived by Cohen-Coon:

Kp Ti Tq
Controller
P iI(l+iJ ) }
Kagl 3T
Cohen-Coon Pl i1(0_9+iJ 9(30+ ¥ /TJ -
Method (Open K& 12T 9+206 IT
loop)
PID il(i‘+iJ 9(32+6€/Tj g( 4 ]
K@a\3 41 13+89 IT 11+ 20 [T

Table 4.2 Cohen-Coon open loop method

Although, one more parameter is used in this mettimresults are not much better than the

Ziegler-Nichols settings, mainly because of theaga@ation being too small, leading to low damped

closed-loop systems

4.3.4 Internal Mode Control (IMC) Tuning method

The objective of the internal model control (IM@ning rule (Morari and Zafiriou, 1989) is
to match the control performance of the PID cofgralith that of the IMC controller. The FOPTD
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model can approximate the usual overdamped prace$be model can be obtained by various
process identification methods. The IMC tuning rditermines the tuning parameters using the
formulas, whered = 0.25 for PID controller andd 21.78 for PI controller. If a smaller value &f

is chosen, then a faster closed-loop responsetasnedl. However, too smalllavalue results in an
oscillatory or unstable closed-loop response.dfrtiodel is accurate, then the tuning parametebs wit

A =0.259 show good control performances and robustnegfiéostep setpoint change.

The IMC tuning rule shows excellent control perfarmoes for a step setpoint change.
Meanwhile, it shows sluggish control performancasdtep input disturbance rejection. Here, the
step input disturbance is the step-type disturbadded to the process input. The FOPTD model has
a structural limitation in representing underdampedhigh-order processes. Thus, the IMC tuning
rule based on the FOPTD model shows poor contndbimeances for unusual processes, such as

underdamped or high-order processes.

The PID tuning parameters as a function of the dpep model parameters K, T aAdrom
equation (19) as derived by Internal Model Con¢idIC):

Controller Ko T, T4
Pl 2T2;6? T +g -
IMC Method
(Open loop) PID 2T +6 148 T4
24 +6) 2 2T+6

Table 4.3 Internal Model Control open loop method
where A >1.76 for PI controller

and A = 0.25% for PID controller

4.3.5 Approximate M-Constrained Integral Gain Optimization (AM1GO) Tuning Method

The PID tuning parameters as a function of the dpep model parameters K, T aAdrom
equation (19) as derived by Approximate M-constdimtegral Gain Optimization (AMIGO):
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Controller Ko Ti Ty

AMIGO PID 1 T 0.4+ 0.8 0.59T
Method (Open _(0'2+ 0'45_j 9( 6+0.1 j 0.39+T
loop)

Table 4.4 AM1GO open loop method

4.3.6 Chien-Hrones-Reswick Tuning Method

Chien, Hrones and Reswick (CHR) changed the stgmrse method to give better damped
closed-loop systems. They proposed to use "quiciesgionse without overshoot” or "quickest
response with 20% overshoot" as design criteriyTélso made the important observation that
tuning for setpoint response or load disturbanaparse are different. To tune the controller
according to the CHR method, the parameleasid 9 of the process model are first determined in
the same way as for the Ziegler-Nichols step respomethod. The controller parameters for the load
disturbance response method are then given asdoadf these two parameters.

However, when the 0% overshoot design criterissexduthe gain and the derivative time are
smaller and the integral time is larger. This mehas the proportional actions, the integral actem
well as the derivative action, are smaller. In skgoint response method, the controller parameters
are not only based chandé, but also on the time constant

a=K@aIT ... (22)

Overshoot 0% 20 %

Controller Ko Ti Ty Kp T T4
Chien-Hrones-| P 0.3/a - - 0.7/a - -
Reswick Load

Disturbance Pl 0.6/a 49 - 0.7/a 2.3 -
Response  "pi5 1 0.95/a | 2.46 | 0.420 1.2/a 20 0.420
Method

Table 4.5 Chien-Hrones-Reswick load disturbance response method
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4.3.7 Analyzing the Parameter s of Different Classical Methods

Some important test parameters:
DC Motor Model [27]:

Parameters Value
Rated Power 1 kW
Rated Voltage 500V DC
Resistance of the statorJR 21.2Q
Inductance of the stator {L 0.052 H
Viscous Coefficient (B) 1xIbkg-ms/rad
Moment of Inertia (J) 1xIDkg-még/rad
Back emf constant (& 1 volts/rad
Motor Torque constant (K 1 volts/rad
Number of poles pairs 2
Speed of the rotor (N) 3000 RPM
Rotor magnetic flux () 0.11 Weber

Table4.6 DC Motor Model Specifications and Parameters

Time domain analyses of DC machine open loop (uncled) are given as:

Rise time, T=0.2197
Settling Time, T=0.3937
Maximum Overshoot, M= 0.0

Servo responses for speed control of uncontrollstem are given as:
Rise time, T= 0.00084724

Settling Time, T=0.0186

Maximum Overshoot, M= 61.9573

After applying FOPTD system the following paramsterere found:
K =468.88350 = 0.1891, T = 0.0972

The system first order time delay transfer funci®given as:

468.%7°1%®
0.09723+ 1



Controller Kop Ti Ty T Ts Mp
Z-N 0.0013 0.3782 0.0946 1.7090 3.1189 0.0
C-C 0.0020 0.2892 0.0508 0.8989 1.7138 0.0
IMC 0.0017 0.1918 0.0479 0.6412 1.1652 0.0
AMIGO 0.00091998 0.7716 0.0597 4.8168 8.807% 0.0
CHR* 0.00065791 0.0972 0.0946 0.7248 1.1401 0.0

Table 4.7 Open Loop System Responses with Classical PID Tuning Methods

*For set point

It is found that for DC motor model, the robustnesthe system has uncertainty and doesn’t
have frequency domain analysis within permissiihéts.

Open loop Response:

Step Response
500 ‘

450 - .

400 4

350 - .

300 |- .

250 .

Amplitude

200 |- .

150 |- .

100 |- o

50 |- A

|
0 0.1 0.2 0.3 0.4 0.5 0.6
Time (sec)

Figure 4.4 DC motor open loop response
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Step response of system tuned with open loop Plibads:

Step response of systemtuned w ith OPEN LOOP PID methods
\ \ \
Z-N open loop method

— Cohen-Coon method  []
IMC tuning method
CHR tuning method
AMIGO tuning method

Amplitude

14 16 18 20

Time (sec)

Figure 4.5 DC motor step response of system tuned with open loop PID methods

4.4 Closed Loop Tuning Methods
4.4.1 Ziegler-Nichols Tuning Method

The control system performs poor in characterigtio$ even it becomes unstable, if improper
values of the controller tuning constants are usgBd. it becomes necessary to tune the controller
parameters to achieve good control performance with proper choice of tuning constants.
Controller tuning involves the selection of the tbeslues of K, T; and Ty (if a PID algorithm is
being used). This is often a subjective procedue ia certainly process dependent. It is widely
accepted method for tuning the PID controll@he method is straightforward. First, set the
controller to P mode only. Next, set the gain @& tontroller (k) to a small value. Make a small
set point (or load) change and observe tisporese of the controlled variable. [f S low the
response should be sluggish. Increagé¥a factor of two and make another small changhe set
point or the load. Keep increasing Ky a factor of two) until the response becomesllasory.
Finally, adjust K until a response is obtained that produces cootiswscillations. This is known as
the ultimate gain (K. Note the period of the oscillations,JPThe steps required for the method are
given below. We have to set the integral and dévigaoefficients are zero. Gradually increase th
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proportional coefficient from O to until thgstem just begins to oscillate continuously. The
proportional coefficient at this point is callecetbltimate gain Kk And the period of oscillation
at this point is called ultimate period. P

The K, is the gain margin of the system and,

P, =2 ... (23)
acg
where, thancg is the gain crossover frequency. Gain margihageverse of amplitude ratio.

The Ziegler-Nichols continuous cycling method i @i the best known closed loop tuning
strategies. The controller gain is gradually insesh (or decreased) until the process output
continuously cycles after a small step change stuthance. At this point, the controller gain is
selected as the ultimate gain,, Kaind the observed period of oscillation is thendte period, R
Ziegler and Nichols originally suggested PID tunaamstants as a function of the ultimate gain and

ultimate period.

Controller Ko Ti Ty
P 0.5K, - -
Method (Closed ) ’
loop) PID 0.6K,, P/2 R./8

Table 4.8 Ziegler-Nichols Closed L oop Method

4.4.2 Modified Ziegler-Nichols Tuning M ethod

Controller Ko Ti Ty
Modified Z-N | No Overshoot 0.2K, P /2 P /2
Method (Closed
loop) PID Some Overshoot 0.3X, P /2 P /3
Controller
Table 4.9 Modified Ziegler-Nichols Closed L oop Method
4.4.3 Tyreus-Luyben Tuning Method
Controller Ko Ti Ty
Tyreus-Luyben Pl 0.3K, 2.2P, -
Method (Closed
loop) PID 0.4, 2.2P, P /6.3

Table4.10 Tyreus-Luyben Closed L oop Method
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4.4.4 Astrom-Hagglund Tuning M ethod

An improvement of the Ziegler-Nichols method is egivby Astrom and Hagglund. They
propose to use a relay feedback. This nonlineatbfeek includes a limit cycle oscillation. The
period of this oscillation is ;Tand a good estimate for the ultimate gain canabeulated from the

oscillation amplitude with:

K,=— ... (24)

The major advantage of using relay feedback is ttatsystem is not driven to instability.
Further, it offers the possibility to identify d#fifent points on the Nyquist curve which gives more

information about the course of the Nyquist plot.

Controller Ko Ti Tyq
Astrom- Pl 0.3, 0.94 -
Hagglund
Method (Closed
loop)

Table4.11 Astrom-Hagglund Closed L oop M ethod

4.4.5 Closed loop frequency domain analysis

Frequency domain analyses of DC machine closedo®given as:
Gain margin, G =1.5076

Phase Margin, = 167.3819

Weg = 1.4386 x 1D

Wcp = 92.4975

Controller Kp Ti Ty T Ts Mp
Z-N 0.9046 0.0022 0.0005459 0.00083556 0.0092 40.89
Modified Z- 0.4975 0.0022 0.0015 0.0011 0.0115 21.1820
N

Tyreus 0.6784 0.0096 0.00069325 0.0011 0.0050 21.3540

Luyben

Astrom 0.4824 0.9400 0 0.0013 0.0174 49.2041

Hagglund

Table4.12 Closed L oop System Responses with Classical PID Tuning Methods
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Step response of systemtuned w ith closed-loop PID methods

15

ZN Method

Modified ZN Method
Tyreus-Luyben Method
Astrom-Hagglund

Amplitude

0 l l l l 1 l l l I
0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

Time (sec)

Figure 4.6 DC motor step response of system tuned with closed-loop PID methods

Rise Time()) is defined often as the time required for a respoto go from 10 % to 90 % of its
desired final value, or as the time interval gilmnthe intersection points of the inflexion tangent
with the 0 % and 100 % lines. Maximum Overshoot)(M defined as the maximum value of the
response at timeyx in relation to its desired final value. It candmnsidered to be a measure of the
relative stability of the system. It increases las damping ratio decreases. Settling Tingeigtthe
time after which the response remains within a bainebee about the desired final value, wheres

selected between 2 % and 5 %.

4.5 Conclusion

The open loop and closed loop DC motor speed dosystem are discussed with different
PID tuning rules. From the results, it is foundttimacase of open loop Z-N and AMIGO control
system, the rise time and settling time does notecm required range but for rest of the methods,
rise time and settling time are coming within thage as per the system used here. For closed loop
control, rise time and settling time are foundhe tequired range but maximum overshoot does not
fall in required range like in case of Z-N methodximum overshoot is 40.8949 and same case for
rest of the conventional methods. Also, the robesgrof the system has uncertainty with this system
that gain margin, phase margin, delay margin andutus margin are not coming in required range.
In the next chapter, optimal tuning of PID conteollising error integrals is discussed.
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CHAPTER 5

OPTIMAL
TUNING OF PID CONTROLLER USING ERRORINTEGRALS

5.1 Introduction

The starting point for the design of a feedbacku@drsystem is to have a good plant model
described either in the form of a differential etipra or a transfer function. Once the plant model i

given, the next step is to design an overall systeshmeets the described design specification.

It is important to note that different applicationsay require different specifications.
Generally, the performance of feedback-control esyst includes two tasks; steady-state
performance which specifies accuracy when all thiesients are decayed and transient performance

which specifies the speed of response.

The performance specifications introduced are gpm@te for evaluating the results of a
control system design. However, they cannot be wulbexttly as a starting point for designing a

controller. Therefore, performance indices basedasious functiongje(t)] of the error,

e() = y(t) — r(0) ... (25)

between the reference input r(t) and the controldaht output y(t) are preferred. General
performance indices covering an error functionOifid) have been introduced as the integral

J, fle(ondt . (29)

wherefi[e(t)] can take various forms as shown in table 5.1

To obtain the PID tuning parameters one usuallytbasinimize a performance index and
some performance indices are given in Table 5.1hdf closed loop systems has a steady-state

errore, , thene(t) must be replaced by

e(h-e .. (27)

and alsa(t) being the reference input ap() the output of the system.
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Sr. No. Perfor mance | ndex Characteristic

® Integral of total error(ITE): Only appropriate for highly
'1:Ie(t)dt damped monotonic step responses eft) simple
0 mathematical treatment.

® Integral of absolute error(IAE): Appropriate for non-
l, = I |e(t)| dt monotonic step responses. Not easy to track aoallyti
0

T, Integral of square errofISE): Penalizes large errors mare
I3 :Ie (Hdt heavily than small ones; provides longensl,. In many

0 cases analytical tracking is possible.

® Integral of time multiplied absolute err@fTAE): Provides
|, = [le(t)|tdt similar results a%,; puts less weight on &(or t small and

0 more fort large.

T, Integral of time multiplied square errdiTSE): Provides
I :Ie (Ddt similar results as combined with the same time htgig

0

as forl 4.

, Integral of generalized square error (IGSE): Betésults

[e*() +a€’ (Y] dt | a5 for I; are obtained, however, the selection of fthe

weighting factorm

is subjective.
T, , Integral of square error and control effotiISECE):

I, :I[e (0 +Au (91 dt | provides a slightly largeenas but ts become essentially
0 smaller as for; however, the selectiorpa$ subjective.

I, =

o3

Table5.1 Various Integral Performance Indices

5.2 Murrill Method

This method proposed by P.W. Murrét al. for optimal tuning of PID controller using

integral performance indices for Servo and Reguatesponse [18].

5.2.1 Servo Response

If the tuning parameters are calculated for a settpchange (i.e. for Servo Response), the
integral time will be longer and the derivative &mwill be shorter, and they will depend mostly on

the time constant of the process.

The relationship between the controller settingsedaon integral criterion and the ratio

t, / Tis expressed by the tuning relationship given agign (28)

t B
Y= —Oj . J28
( r

whereY = KK_ for proportional moder /T, for reset mode; A, B=constants for given controéied

mode;t,,7 =pure delay time and first-order lag time constaspectively.
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Using these equations:

a. For PI Controller:

ALY

KC—K(J ... (29)

A:A(t_of

T ... (30)
t B

T,y = TDA(?OJ .. (31)

The table for coefficients A and B for Pl controll@ptimal tuning for error indices is given in

table below:

ERROR Controller A B
INDICES
|AE P 0.758| -0.861
I 1.020| -0.323
ITAE P 0.586| -0.916
I 1.030 | -0.165

Table 5.2 Servo Response of | AE and I TAE with coefficients A and B for PI Controller

b. For PID Controller:

(Murrill Method)

The following table shows the value of coefficiénand B for PID controller:
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ERROR Controller A B
INDICES
IAE P 1.086| -0.869
I 0.740| -0.130
D 0.348 0.914
ITAE P 0.965| -0.855
| 0.796 | -0.147
D 0.308 0.929

Table 5.3 Servo Response of | AE and I TAE with coefficients A and B for PID Controller

5.2.2 Regulatory Response

(Murrill Method)

With tuning parameters calculated for load rejectioe. for Regulatory Response), the

integral time ;) and derivative timeT,) will depend mostly on the dead tinmig X of the process.

a. For PI Controller:

Table below shows value of A and B for Pl contmglle

ERROR Controller A B
INDICES
IAE P 0.984 -0.986
| 0.608 -0.707
ITAE P 0.859 -0.977
I 0.674 -0.680
| SE P 1.305 -0.959
I 0.492 -0.738

Table 5.4 Regulatory Response of |AE, ITAE and | SE with coefficients A and B for Pl

Controller (Murrill Method)
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b. For PID Controller:

Table below shows value of A and B for PID congnll

ERROR Controller A B
INDICES
IAE P 1.435 -0.921

I 0.878 -0.749

D 0.482 1.137

ITAE P 1.357 -0.947

I 0.842 -0.738

D 0.381 0.995

| SE P 1.495 -0.945

I 1.101 -0.771

D 0.560 1.006

Table 5.5 Regulatory Response of |AE, ITAE and | SE with coefficients A and B for PID
Controller (Murrill Method)

5.3 M. Zhuang M ethod

This method proposed by M. Zhuaegal. is used to obtain optimum PID controller settings
for minimizing time weighted integral performanceteria. FOPDT model is considered here for
optimization using this method [19].
5.3.1 Servo Response
The FOPDT model transfer function is given by:

K e— ST
Ts+1

G(9 = .. (32)

The following formulae gives theK_, T/T,, T, /T as the functions of /T .

(Range ofr /T is between 0.1 to 1.0)
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b,
=
KT

-ri :#
2, +hy(r/T)
by
_ r
neatl)

a. For PI Controller:

Parameters| |SE ISTE
a, 0.980 0.712
b, -0.892 -0.921
a, 0.690 0.968
b, -0.155 -0.247

.. (33)

.. (34)

.. (35)

Table 5.6 Servo Response of I SE and | STE with coefficientsfor Pl Controller (M. Zhuang

Method)
b. For PID Controller:
Parameters| |SE ISTE
a, 1.048 1.042
b, -0.897 -0.897
a, 1.195 0.987
b, -0.368 -0.238
a, 0.489 0.385
b, 0.888 0.906

Table 5.7 Servo Response of I SE and | STE with coefficientsfor PID Controller (M. Zhuang
Method)
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5.3.2 Regulatory Response

The tuning formulae for step disturbance input (egulatory response) are:

by

_a(r
o -3(1) 9
1 _a,(r)"
T_T(?j .. (37)
Ty = %T(;J ... (38)

a. For PI Controller:

The values of coefficients for Pl controller are:

Parameters | |ISE ISTE
a, 1.279 1.015
b -0.945 -0.957
a, 0.535 0.667
b, -0.586 -0.552

Table 5.8 Regulatory Response of | SE and | STE with coefficientsfor Pl Controller (M.
Zhuang M ethod)

b. For PID Controller:

The values of coefficients for PID controller are:
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Parameters | SE ISTE
a 1.473 1.468
b -0.970 -0.970
a, 1.115 0.942
b, -0.753 -0.725
a, 0.550 0.443
b, 0.948 0.939

Table 5.9 Regulatory Response of 1 SE and I STE with coefficientsfor PID Controller (M.

Zhuang M ethod)

5.4 Analyzing the parameters of different optimal PID tuning rules using
performance indices

After applying FOPTD system the following parameters anadaas:

K =1.00270 = 0.0063, T =0.00078795

Perfor mance Kp T Tq T, Ts Mp
Indices
IAE 0.2117 0.0042 0.0040 0.0016 0.0165 8.686]
ISE 0.5243 1.3986 0.0010 0.0012 0.0049 9.8561
ITAE 0.3038 0.0029 0.00081419 0.0016 0.0206 42.3340
ITSE 0.1957 0.0038 0.0024 0.0020 0.0216 16.4760

Table 5.10 Performance Indicesfor Closed L oop System
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Step response of closed loop system:

Rise time, T= 0.00084724

Settling Time, T=0.0186

Maximum Overshoot, M= 61.9573

Gain Margin, Gm = 1.0573

Phase Margin, Pm = 142.5792

ocg = 446.7584

ocp = 92.4975

Delay Margin = [0.0479 0.00022402]
Modulus Margin = 0.1184

Closed Loop Speed Control Servo Response
1.8 T T

1.4+

121

Amplitude

0.8

0.6 -

0.4r

0.2

0 | | |

0 0.005 0.01 0.015
Time (sec)

Figure 5.1 Servo response of DC motor closed-loop speed control

0.02

0.025
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Step response of system tuned with closed-loop ErrorraieBID methods:

Step response of systemtuned w ith closed-loop Error Integrals PID methods

[ [

IAE Response
ISE Response
ITAE Response
ITSE Response

Amplitude

Time (sec)

Figure 5.2 DC motor closed-loop speed control with different performance indices

5.5 Conclusion

The different error integrals are discussed like IAE, IBRE and ITSE with their system
response and it is found that the error integrals (perfarenandices) have better results in terms of
rise time, settling time and maximum overshoot as comparelddsi@al approach for PID tuning.
The rise time and settling time are coming well but maximumsteet does not fall in required
range. The minimum overshoot is found in case of IABBL&361% and rest of the error indices has
large maximum overshoot. In this system, ISE has bagdtseas terms of rise time and settling time.
As far as this system, the robustness of the systemntastainty with this system that gain margin,
phase margin, delay margin and modulus margin are moingoin required range. In the next
chapter, optimal tuning of PID controller using error integsatiiscussed.

In the upcoming chapter, the basic theory, algorithm andnaptiuning of PID controller

using ant colony optimization are discussed.
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CHAPTER 6

OPTIMAL TUNING OF PID CONTROLLER
USING ANT COLONY OPTIMIZATION

6.1 Introduction

Ant Colony Optimization (ACO) is a paradigm for designing rhetaistic algorithms for
combinatorial optimization problems. The first algorithm whicm cbe classified within this
framework was presented in 1991 and, since then, migeyse variants of the basic principle have
been reported in the literature. The essential trait of ACQOritligts is the combination of a priori
information about the structure of a promising solution withfarination about the structure of
previously obtained good solutions. Metaheuristic algorithnes adgorithms which, in order to
escape from local optima, drive some basic heuristic: eitlkenstructive heuristic starting from a
null solution and adding elements to build a good completearree|ocal search heuristic starting
from a complete solution and iteratively modifying some of lesents in order to achieve a better
one. ACO is founded on the foraging behaviour of antsthair indirect communication based on
pheromones, and has been applied to several combingimidems such as job scheduling and

routing optimization in data [20, 21].

In computer science and operations research, the Beesitiig is a population-based
search algorithm first developed in 20@5mimics the food foraging behaviour of swarms of honey
bees. The Bees Algorithm (BA) is a novel populace-basadch algorithm. The algorithm imitates
the food foraging behaviour of honeybees' colony. Ibaisic version, the algorithm executes a kind
of vicinity search combined with random search and carudmsl for optimization. The Bees
Algorithm is an optimisation method inspired by the natural forgagpehaviour of honey bees for
finding a quality food source. The algorithm starts withusdmees being placed randomly in the
search space. The fitness values of the sites visited Isgdlie bees are then evaluated. A number of
bees with the highest fithess values are chosen as “sels#sti and the sites visited by them are
chosen for a neighbourhood search. The remaining inett® population are assigned randomly
around the search space looking for new potential solutibnese steps are repeated until a

termination criterion is met [21, 22].

According to Karl O. Jones and et. al, by the use ofd@lltroller, BA suggested that it does
not provide any improvement over the ACO technique. In depithe transient response of the
controlled system, the decision on ACO offers an improvethod related to the performance

criteria required from the controlled response: minimum ¢wetswould suggested by ACO [21].
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Fares Sayadi and et. al explored that the proposeditatgouses less common control
parameters: maximum iteration number and population size ifi.es a simple and flexible
technique).From the results attained, it can be concluded thaintinse trade-off between
performance and computational complexity on multimodal antivadable problems than other
algorithms considered [22].

B. Nagaraj and et. al suggested that the optimal tuning by ¥s0© has a better control
performance compared with the conventional schemes. tHereechniques are often criticized for
two reasons: algorithms are computationally heavy andetgaxce to the optimal solution cannot
be guaranteed. But according to them, computational complsxiot really an issue and thus ACO
tuned system has good steady state response and @eréarmdices [23].

6.2 Ant Colony Optimization (ACO) Technique

ACO’s are especially suited for finding solutions to différeptimization problems. A
colony of artificial ants cooperates to find good solutionsicivlare an emergent property of the
ant’'s co-operative interaction. Based on their similarities witlcalonies in nature, ant algorithms
are adaptive and robust and can be applied to differesious of the same problem as well as to
different optimization problems. The main traits of artificial amestaken from their natural model.
These main traits are artificial ants exist in colonies of c@bipg individuals, they communicate
indirectly by depositing pheromone they use a sequenoeafmoves to find the shortest path from
a starting position, to a destination point they apply a stochdsticsion policy using local
information only to find the best solution. If necessary ideorto solve a particular optimization
problem, artificial ants have been enriched with some additt@apebilities not present in real ants.
An ant searches collectively foe a good solution to a gipimaation problem. Each individual ant
can find a solution or at least part of a solution to the opttriz@roblem on its own but only when
many ants work together they can find the optimal solutiond2B

Since the optimal solution can only be found through the bltmwmperation of all the ants in
a colony, it is an emergent result of such this cooperatidne\WWearching for a solution the ants do
not communicate directly but indirectly by adding pheromtme¢he environment. Based on the
specific problem an ant is given a starting state and nitbvasgh a sequence of neighbouring states
trying to find the shortest path. It moves based on a sttichacal search policy directed by its
internal state, the pheromone trails, and local information edcimdthe environment. Ants use this
private and public information in order to decide when andre/io deposit pheromone. In most

application the amount of pheromone deposited is proportioaétquality of the move an ant has
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made. Thus the more pheromone, the better the solutiod.fédter an ant has found a solution, it

dies; i.e.it is deleted from the system [23, 26].

ACO is depending upon the pheromone matrix {t;} for the construction of good

solutions. The initial values afare

setr; =7,0(i, ] ), wheretp>0. ... (39)

The probability F?,-A(t) of choosing a nodg at node | is defined in the equation (40). At each

generation of the algorithm, the ant constructs a compléiéicsousing this equation, starting at

source node.

Tl
) J o, goT4 ... (40
S [, Ol (40)

jor A

RAM) =

1 . .
where7; :E’J =[p,i,d] represents the heuristic function.

a andp = constants that determine the relative influence of the ploer®mwalues and the heuristic

values on the decision of the ant.
T = the path effectuated by the ant A at a given time.

The quantity of pheromontr;; on each path may be defined as

Lmin
AT =4 LA ifi,j OT .. (41)

else
where | = the value of the objective function found by the ant A

L™" = the best solution carried out by the set of the ants untiLtinent iteration.
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The pheromone evaporation is a way to avoid unlimited ineredgheromone trails and also it
allows the forgetfulness of the bad choices.

1) = o1, -1+ Y AT () @)

A=1
whereNA = number of ants
p = the evaporation rate< p<1.

6.2.1 Implementation Algorithm

Step | Initialize randomly potential solutions of the parametefs K, Kq by using uniform
distribution. Initialize the pheromone trail and the heuristic value.

Step 11 Place the A ant on the node. Compute the heuristic value associatix abjective

(minimize the error).

Step 11l Use pheromone evaporation given by equation (42) to awuplonited increase of

pheromone trails and allow the forgetfulness of bad choices.
Step 1V Evaluate the obtained solutions according to the objectives.
Step V Display the optimum values of the optimization parameters.

Step VI Update the pheromone, according to the optimum solutionslat@duat step V. lterate

from step Il until the maximum of iterations is reached.
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6.2.2 ACO Flowchart

The flowchart of the Ant Colony Optimization based PID cordystem is shown in figure 6.1 [23].

START

A 4
Initialize — number of ants, pheromone, probabilit
selected path. Population of {K;,Kg)

<

y
Run the process model

A\ 4
Evaluate the fitness functi

A\ 4
Update pheromone and probab

Calculate the optimum of KK, Kq

Maximum iteration
number reached

Figure 6.1 Flowchart of Ant Colony Optimization
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6.3 ACO Result Parameters

The closed loop DC motor drive based on PID controllerideen programmed in MATLAB
and ACO algorithm has the following parameters:
a=1
p=2
p=0.8

Number of ants = 500

With ACO technique, the following parameters are found avehgas:

System transfer function:

1.81%° + 0.8328+ 0.4787
0.0000009048 + 1.81€+ 0.8368 0.47

K, = 0.4787

Ti=1.7394

Tq=2.1760

Rise time, T= 0.0000010981
Settling time, T=0.0000019577
Overshoot, M = 0.0 %

Gain margin, G = Inf

Phase margin,P=-180

Delay margin = Inf

Modulus margin = -191.4396
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Step response of system tuned with ACO technique:

Step response of systemtuned with ACO method
1 T T T

Amplitude

N

1
0 0.5 1 15 2.5 3
Time (sec) x10°

Figure 6.2 DC motor speed control response using ACO method

6.4 Conclusion

By using biological inspired ACO technique it is found that tlosexrl loop system has very
fast rise time, settling time and zero maximum overshootdtaisuthe system stability under servo
condition. From the transient response, it is observed that m@tod gives fast response. The
ACO method is better as compared to conventional PID diantrtt is also found that the modulus
margin does not fall in range which is required for the saystem. Also comparing with
conventional PID tuning rules and optimal tuning of PID cdletrausing error integrals, the ACO
technique has the advantages of system being faster risesgttieng time and zero maximum
overshoot; although the robustness has some issue withsyateen like gain margin is infinite,
phase margin is -18@nd delay margin is also coming infinite. The modulus maggii91.4396

which is also not in required range.

In the next chapter, the basic theory, algorithm and optimaigust PID controller using

artificial bee colony algorithm are discussed.
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CHAPTER 7

OPTIMAL TUNING OF PID CONTROLLER
USING ARTIFICIAL BEE COLONY ALGORITHM

7.1 Introduction

Dervis Karaboga and et. al presented the comparisottsresu the performance of the
Artificial Bee Colony (ABC) algorithm for constrained optimizatiproblems. The ABC algorithm
has been firstly proposed for unconstrained optimizatiobl@nes and showed that it has superior
performance on these kinds of problems. In this paher ABC algorithm has been extended for
solving constrained optimization problems and applied to & senstrained problems [24].

In Bees Algorithm, the colony of artificial bees consists oéehgroups of bees: employed
bees, onlookers and scouts. First half of the colony dsnsighe employed artificial bees and the
second half includes the onlookers. For every food sotinere is only one employed bee. In other
words, the number of employed bees is equal to the aupfbfood sources around the hive. The
employed bee whose the food source has been abanlptieel bees becomes a scout. The position
of a food source represents a possible solution to the ogtiorizoroblem and the nectar amount of
a food source corresponds to the quality (fithess) ofasmciated solution. The number of the

employed bees or the onlooker bees is equal to the nwhbelutions in the population.
7.2 Bees Algorithm (BA) Technique

At the first step, the artificial bees colony generates a ralyddistributed initial population
P(G = 0) of SN solutions (food source positions), wheé¥ed8notes the size of population. Each
solution x (i = 1, 2, ..., SN) is a D-dimensional vector. Here, Othis number of optimization
parameters. After initialization, the population of the position&i(i®ns) is subjected to repeated
cycles, C =1, 2, ...,MCN, of the search processeéseoémployed bees, the onlooker bees and scout
bees. An employed bee produces a modification on the poésttution) in her memory depending
on the local information (visual information) and tests the nestasunt (fitness value) of the new
source (new solution). Provided that the nectar amount ofdleone is higher than that of the
previous one, the bee memorizes the new position andddigeold one. Otherwise she keeps the
position of the previous one in her memory. After all epptbbees complete the search process;
they share the nectar information of the food sourcesthen position information with the
onlooker bees on the dance area. An onlooker bee &mltee nectar information taken from all

employed bees and chooses a food source with a propadldited to its nectar amount.
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As in the case of the employed bee, she produces aicatidii on the position in her
memory and checks the nectar amount of the candidateesdenoviding that its nectar is higher
than that of the previous one, the bee memorizes the ra@tiopand forgets the old on. An artificial
onlooker bee chooses a food source depending on dbalplity value associated with that food
source, p calculated by the equation (43):

P == _ .. (43)

wherefit; is the fitness value of the solutiomvhich is proportional to the nectar amount of the food
source in the position and SN is the number of food sources which is equal to the nurobe
employed beeBN).

In order to produce a candidate food position from theooklin memory, the artificial BA
uses the following expression (44):

V, =% g (x — %) ... (44)

wherek €{1, 2,..., SN}andj &{1, 2,...,D} are randomly chosen indexes. Althougis determined
randomly, it has to be different from &; is a random number between [-1, 1]. It controls the
production of neighbour food sources arowj@nd represents the comparison of two food positions
visually by a bee.

As can be seen from (44), as the difference betweerpdhemeters of the;; and X;
decreases, the perturbation on the posiipgets decrease, too. Thus, as the search approaches tc
the optimum solution in the search space, the step lengthpswadyareduced. If a parameter value
produced by this operation exceeds its predetermined limipattaeneter can be set to an acceptable
value. In this work, the value of the parameter exceeithnigmit is set to its limit value. The food
source of which the nectar is abandoned by the beepligced with a new food source by the

scouts.
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In artificial BA, this is simulated by producing a position raméioand replacing it with the
abandoned one. In BA, providing that a position cannot peaved further through a predetermined
number of cycles, then that food source is assumed tbh@edoned. The value of predetermined
number of cycles is an important control parameter of tticel BA, which is called “limit” for
abandonment. Assume that the abandoned sourcans x€{1, 2,...,D}, then the scout discovers a

new food source to be replaced withBhis operation can be defined as in (45).

X =X, +rand(0,1)(% - %,,) .. (45)

After each candidate source positignis produced and then evaluated by the artificial bee,
its performance is compared with that of its old one. If #& food has equal or better nectar than
the old source, it is replaced with the old one in the men@herwise, the old one is retained in the
memory. In other words, a greedy selection mechanisim@oged as the selection operation
between the old and the candidate one. It is clear fromlktreeaexplanation that there are four
control parameters used in the ABC: The number of foodces (SN) which is equal to the number

of employed or onlooker bees, the value of limit, theimarn cycle number (MCN) [24].

7.2.1 Artificial Bee Colony Algorithm
Steps (pseudo-coding) to initialize the artificial BA:

Initialize the population of solutiong;xi = 1...SN, j=1...D.

Evaluate the population.

Cycle=1

Repeat

Produce new solutions; for the employed bees by using (44) and evaluate them.
Apply the greedy selection process.

Calculate the probability values;For the solutions ix by (43).

© N o g s~ w DB

Produce the new solutions; for the onlookers from the solutiong ®elected depending on; P

and evaluate them.

9. Apply the greedy selection process.

10.Determine the abandoned solution for the scout, if existsreplace it with a new randomly
produced solution;xby (45).

11.Memorize the best solution achieved so far.
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12.Cycle = Cycle+1.
13.Until Cycle = MCN.

7.2.2 Basic Artificial Bee Colony Algorithm Flowchart

| Initialise a Population of n Scout Bees ‘

¥

4>| Evaluate the Fitness of the Population ‘

| Select m Sites for Neighbourhood Search ‘

Determine the Size of Neighbourhood
(Patch Size)

Y

Recruit Bees for Selected Sites
(more Bees for the Best e Sites)

Neighbourhood
Search

Select the Fiftest Bees from Each Patch

Assign the (n—m) Remaining Bees to Random Search

h 4

New Population of Scout Bees

Figure 7.1 Flowchart of Artificial Bee Colony Algorithm

7.3 ABC Result Parameters

As per the ABC algorithm, the MATLAB coding results thidaing parameters and these

are given as:

Closed loop system transfer function:

27677+ 2.4+ 1.474
0.0000008464 + 2.768+ 2.4G63 1.4

Number of scout bees = 30
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Number of iterations = 15
Number of best selected patches = 20

Number of elite selected patches = 10

Kp=1.4743
T, =1.6276
Tg=1.1531

Rise time, t= 0.00000067267
Settling time, $= 0.0000011984
Maximum overshoot, M= 0.0 %
Gain margin, G = Inf

Phase margin,P=-180

Delay margin = Inf

Modulus margin = -71.9975

Step response of systemtuned with ABC method
l T T T

Amplitude

0 I I I I I I
0 0.2 0.4 0.6 0.8 1 1.2 14

Time (sec) 10

Figure 7.2 DC motor speed control response using ABC algorithm optimization technique
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7.4 Conclusion

The ABC method optimized PID parameters as well as rise fatding time and maximum
overshoot. Results clearly expressed that this method hasbeeessful in comparison to classical
approach and optimal PID tuning using performance indices can also be considered as a
powerful tuning scheme for controllers. Although, the AB@sists less control parameters and it
has a better tuning performance than the other optimizatbmitpies. At the end of the analysis,
the rise time, settling time and maximum overshoot of the @osystem are optimized with ABC
algorithm; the overshoot is coming out zero for the saysees. Finally, it may be said that the
ABC algorithm gets better performance than the other tumietipods. Since, ABC has uncertainty
with this model because of robustness of the system. Fomibikel, system has gain margin as
infinite, phase margin as -18Qime delay is also infinite and modulus margin is -71.99%chv

concluded that the all robust parameters does not fall inregbrange.
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CHAPTER 8
CONCLUSION AND FUTURE SCOPE

Ant Colony Optimization Technique

For the closed loop speed controller for DC motor drive, pdrameters are tuned with Ant
Colony Optimization technique. By using biological inspired ACEhtéque it is found that the
closed loop system has very fast rise time, settling time aondnzaximum overshoot to sustain the
system stability under servo condition. From the transienonssyp it is observed that ACO method
gives fast response. The ACO method is better as comjmacedventional PID controller. It is also

found that the modulus margin is not fall in range which igired for the same system.

For the same model, the closed loop control system reghigesontroller for improvement
of transient response of the error signal. Though the tuoingID controller in real time is bit
difficult and moreover it lacks the disturbance rejection cidipabThe proposed control strategy
possesses good transient responses but has problem withlggd disturbance response i.e.

regulatory response.

Also comparing with conventional PID tuning rules and optimaingirof PID controller
using error integrals, the ACO technique has the advantéggstem being faster rise time, settling
time and zero maximum overshoot; although the robustnessohas issue with same system like
gain margin is infinite, phase margin is -28Md delay margin is also coming infinite. The modulus
margin is -191.4396 which is also not in required rangendd, these are the uncertainty and
problems with this DC motor model and also, ACO has momvergence time during its

optimization process as compared to next upcoming biologigatéasoptimization technique.

Further for the future perspective we can make desigm afficient ACO based tuning of
PID controller which may lead good robustness, uncertainnagrge with the same system. There
may be several techniques based on ACO algorithms todedroptimize the controller parameters.
The approach for designing of PID controller may beined using different search techniques. The
work can be extended in future by implementing the hybridDAgearch technique. Since, ACO
having no overshoot even if the system is perturbed iaraeways; especially, these features are
important in robotic control applications and the off-line tuningcpss used in this work can also be
extended to on-line tuning process. As a result, the Pllrailem tuning based on ant colony

optimization technique in the field of control engineering hasrg broad application prospectus.
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Artificial Bee Colony Algorithm Technique

The artificial bee colony (ABC) algorithm was employed to tRii@ controller for DC motor
drive system. The ABC method optimized PID parametersedisas rise time, settling time and
maximum overshoot. Results clearly expressed that this thedsbeen successful in comparison to
classical approach and optimal PID tuning using performemoees and can also be considered as a
powerful tuning scheme for controllers. Although, the AB@sists less control parameters and it

has a better tuning performance than the other optimizationitees.

The usage of ABC algorithm in order to optimize the peters of PID controller, rise time,
settling time and maximum overshoot which are used for D@muayive system. The optimizing
performance of the ABC algorithm in this system is comparig classical approach and optimal
PID tuning using error indices. At the end of the analyles rise time, settling time and maximum
overshoot of the control system are optimized with ABC algorithenovershoot is coming out zero
for the same system. Finally, it may be said that the AlgQrithm gets better performance than the
other tuning methods.

The ABC algorithm has a higher accuracy and the Pllraiker parameters can obtain the
guantity that low rise time and low settling time as well as zeswimmum overshoot in this DC
motor model drive system. Since, ABC has uncertainty withntitidel because of robustness of the
system. For this model, system has gain margin as infinigsepimargin as -180time delay is also
infinite and modulus margin is -71.9975 which concluded treathrobust parameters does not fall
in required range. Here in this model, it is cleared from MAB coding result that ABC has fast
convergence time during its optimization process as compa®GO technique earlier.

The foraging behaviour of a colony of bees is exploitedetgelop an optimization algorithm
and the same is used to design closed loop speed corfvolieDC motor model drive system. As
far as future concern, the researchers may focugpplyiag these bees’ algorithm in designing of
these kinds of systems with better approaches so robustesschieve in required range for the

same system.
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