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ABSTRACT

This paper proposes an energy efficient control strategy for an induction machine (IM) based on two advanced
particle swarm optimisation (PSO) algorithms. Two advanced PSO algorithms, known as the dynamic particle
swarm optimisation (Dynamic PSO) and the chaos particle swarm optimisation (Chaos PSO) algorithms modify
the algorithm parameters to improve the performance of the standard PSO algorithm. These parameters are
used to determine an optimal rotor flux reference for loss model-based energy efficient control of an IM. There
is also a comparison of the results obtained when using a GA, standard PSO, dynamic PSO and chaos PSO
algorithms. The comparison confirms the validity and effectiveness of the proposed energy efficient control
strategy.
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I. INTRODUCTION

Energy efficient control of the induction machine (IM) has received significant attention in recent
years because of concerns regarding energy saving and environmental pollution reduction. Basically,
the IM operational efficiency is high for rated conditions of the load torque, speed and flux.
Nevertheless, IM drive systems usually operate at light loads most of the time. In this case, if the rated
flux is maintained at light loads, the core loss will increase dramatically. This results in poor IM
efficiency. Various approaches have been researched to enhance the IM efficiency at light loads. Two
basic control approaches, known as model-based control and search control have been introduced.
The model-based control approach uses an IM loss model to define an optimal flux for each
operational point at a given load torque and machine speed. This approach has a fast response time.
However, it is not robust to IM parameter variations. A neural network [1-6], a genetic algorithm [7-
8] and a particle swarm optimisation algorithm [9] have allowed an optimal flux level to be defined
for energy efficient control using the IM loss model. In the model-based control approach, the IM loss
model is usually formed by the IM loss components such as the stator and rotor copper losses, core
loss, stray loss and mechanical losses [3-5] and [8-9]. The search control approach is based on a
search of optimal flux levels which ensure minimization of the IM measured input power for a given
load torque and machine speed. It can be deduced that this approach is insensitive to IM parameter
variations and does not require a priori knowledge of the IM parameters. Nevertheless, the response
for obtaining an optimal flux value is slow. Additionally, input power measurement noise can affect
the algorithm performance. A fuzzy logic [10-15] and a golden section technique [16] have been
applied for this control strategy. It is obvious that there are always disadvantages in the model-based
control and search control approaches. This is why hybrid controllers [17-23] have been recently
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examined for energy efficient control of the IM. These are a combination of the model-based control
and search control approaches. By using hybrid controllers, the energy efficient control strategy
always remains optimal. Nevertheless, it can be deduced that the structure of these controllers is
complex.

This paper proposes a loss model-based energy efficient control strategy for the IM using an optimal
rotor flux reference which is determined using two advanced particle swarm optimisation (PSO)
algorithms, known as the dynamic particle swarm optimisation (Dynamic PSO) and the chaos particle
swarm optimisation (Chaos PSO) algorithms. Simulations and comparisons are performed to confirm
the effectiveness and benefit of the proposed energy efficient control strategy.

The remainder of this paper is organized as follows. An energy efficient control strategy using an
optimal rotor flux reference is presented in Section 2. The new application of the dynamic PSO and
chaos PSO algorithms is proposed in Section 3. The simulation results then follow to confirm the
validity of the proposed techniques in Section 4. Finally, the advantages of the new techniques are
summarised through comparison with the basic PSO and genetic algorithms.

Il. ENERGY EFFICIENT CONTROL OF AN INDUCTION MACHINE

In the model-based control approach, most of the previous energy efficient control strategies were
based on the model of the IM loss components which are the stator and rotor copper losses, core loss,
stray loss and mechanical losses. This paper introduces a loss model for energy efficient control of the
IM which is more general and simpler than others. In this case, energy efficient control is considered
in the steady-state and d-axis indirect rotor flux-oriented control conditions. Thus, the 1M
mathematical model is described as follows [24].

Vs = Rsiqs +w, Ll @
. 2 -LL, ).
Vs = Rs'ds"'we[%}qs 2
r
. 1L
Igs :R_rl-_r;(we _wr)l//dr (3)
. 1
las :E‘/ldr 4
3plL .
T :EEL_T Varlgs (5)

where
Vds, Vs, Ids and iqs are the d-q axis stator voltages and currents.

Rs, Rr, Ls, Lr and Ly are the stator and rotor resistances, stator and rotor inductances and magnetizing
inductance.

w, 1S the synchronous speed.
o, and o, are the rotor electrical and mechanical speeds.
vy, 1S the d-axis rotor flux.

T, is the electrical torque.

p is the number of poles.

From (3) and (5), the IM synchronous speed is given by:
LARTe 1

(6)
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Substituting (3)-(4) and (6) into (1)-(2), the d-q axis stator voltages become:
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From (3)-(4) and (6)-(8), assuming that the stator and rotor inductances are the same value, the input
power of the IM is then given as follows:

. . , 16T2(RLZ+RL2) 1 4T
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In addition, the output power of the IM is described as follows:
2
F’out = a)mTe = Ba)rTe (10)
Combining (9) and (10), the total IM loss is:
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The IM efficiency can be improved by minimizing the total IM loss which is dominated by the stator
and rotor copper losses and core loss. The stator and rotor copper losses are reduced by decreasing the
stator and rotor currents respectively which results in increased IM flux. As a consequence, the core
loss is then increased. Obviously, there is a conflict between the copper losses and core loss. When
the copper losses are decreased, the core loss is increased [25]. Nevertheless, there is an optimal IM
flux at which the total 1M loss is minimized for a given load torque and machine speed [24]. As a
result, the solution for energy efficient control of the IM is to find the optimal IM flux reference
during operation. This is based on the IM loss model defined in (11). In order to solve this problem,
the dynamic PSO and chaos PSO algorithms are two of the relatively new population-based stochastic
optimisation algorithms, which are proposed to obtain an optimal IM flux reference for energy
efficient control of the IM. The algorithms are presented in detail in the next section.

I1l. ENERGY EFFICIENT CONTROL OF AN INDUCTION MACHINE USING
ADVANCED PARTICLE SWARM OPTIMISATION ALGORITHMS

The standard PSO algorithm is reviewed in part 3.1 followed by descriptions of two advanced PSO
algorithms: the dynamic PSO and chaos PSO algorithms in parts 3.2 and 3.3 of this section
respectively.

3.1. Standard Particle Swarm Optimisation Algorithm

The PSO algorithm is a population-based stochastic optimisation method which was developed by
Eberhart and Kennedy in 1995 [26]. The algorithm was inspired by the social behaviors of bird flocks,
colonies of insects, schools of fishes and herds of animals. The algorithm starts by initializing a
population of random solutions called particles and searches for optima by updating generations
through the following velocity and position update equations.

The velocity update equation:
V; (k +1)=wv; (k) +c;r; (pbest; (k) — x; (k))+c,r, (gbest (k) — x; (k) (12)

The position update equation:
x;i (k+1)= x; (k)+v; (k +1) (13)

483 | Vol. 6, Issue 1, pp. 481-497



International Journal of Advances in Engineering & Technology, Mar. 2013.
OIJAET ISSN: 2231-1963

where
v;(k) is the kth current velocity of the ith particle.

x; (k) is the kth current position of the ith particle.

k is the kth current iteration of the algorithm, 1<k <n.
n is the predefined maximum iteration number.

i is the ith particle of the swarm, 1<i<M.

M is the particle number of the swarm.

Usually, vi is clamped in the range [-Vmax, Vmax] t0 reduce the likelihood that a particle might leave the
search space. In case of this, if the search space is defined by the bounds [-Xmax, Xmax] then the Vmax
value will be typically set so that v, = mx,,, , where 0.1<m<1.0 [27].

pbest; (k) is the best position found by the ith particle (personal best).
gbest(k) is the best position found by a swarm (global best, best of the personal bests).

¢, and c, are the cognitive and social parameters. The parameter, c, regulates the step size in the

direction of a global best particle and the c; regulates the step size in the direction of a personal best
position of that particle, c; and ¢ € [0, 2]. With large cognitive and small social parameters at the
beginning, particles are allowed to move around a wider search space instead of moving towards a
population best. On the other hand, with small cognitive and large social parameters, particles are
allowed to converge to the global optimum in the latter part of optimisation [28].

r, and r, are two independent random sequences which are used to influence the stochastic nature of
the algorithm, ry € U(0, 1) and r, € U(0, 1).

w is the inertia weight [29].

The velocity update equation of the particle is considered as three parts: the first part is the previous
velocity of the particle, wvi(k); the second and the third parts, ciri(pbesti(k)—xi(k)) and car2(gbest(k)—
xi(k)), contribute to the particle velocity change.

Without the first part of the velocity update equation, the particles’ velocities are only determined by
their current and best history positions and the PSO algorithm search process is similar to a local
search algorithm. Thus, the particles tend to move towards the same position and the final solution
depends heavily on the initial population. The PSO algorithm only finds out the final solution when
the initial search space includes the global optimum. By adding the first part, the particles have a
tendency to expand the search space and explore the new area. Because of this, the PSO algorithm
becomes a global search algorithm. Nevertheless, for each problem, there is always a different trade-
off between the local and global search abilities. This is why the inertia weight is used in the first part
[29]. This value was set to 1 in the original PSO algorithm [26]. Shi and Eberhart investigated the
effect of w values in the range [0, 1.4] as well as in a linear time-varying domain. Their results
indicated that choosing w e [0.9, 1.2] results in a faster convergence [29]. A larger inertia weight
facilitates a global exploration and a smaller inertia weight tends to facilitate a local exploration [30].
Therefore, careful choice of the inertia weight w during the evolution process of the PSO algorithm is
necessary. This improves the convergence capability and search performance of the algorithm.

The two remaining parts of the velocity update equation also play an important role in updating the
new velocities of the particles. The term (pbesti(k)—xi(k)) is the distance of its own best position from
its current position whereas the term (gbest(k)—xi(k)) is the distance of the best position in the swarm
from its current position. Without the second and third parts, the particles will keep their current speed
in the same direction until they hit the boundary [29]. This affects the algorithm performance during
the evolution process.

Eventually, the particle flies towards a new position according to the position update equation (13)
using the previous position and new velocity of the particle.
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The performance of each particle is based on a predefined fitness function which is related to the
particular application (11).

In this application, the particles represent the rotor flux reference of the IM. The ith particle position
and velocity are limited as follows:

Wdrimin) < Vdri = Wdrimax) (14)
and
(15)

V'//dri(min) < V'//dri < Vl//dri(max)
In this application, the acceleration coefficients, ci and ¢, are set to 2. The inertia weight, w, is set to
0.9. The two independent random sequences, r1 and r,, are uniformly distributed in U(0, 1).

The best position of the ith particle, {pbest%ri(k)}, and the best position over the swarm,
{ gbest,, (k)}, are obtained at each kth iteration using the fitness function (11).

The update mechanism of the personal { pbest, (k)} and global { gbest, (k)} bests is described as
follows:

In case the fitness value of the ith particle at the kth iteration step is better than that of the
{ pbest,, (k—1)} at the (k-1)th iteration step then the ith particle will be set to { pbest,, (k)} whereas

if the fitness value of the ith particle at the kth iteration step is better than that of { gbeStwdr(k ~1)} then
the global best, {ngStwdr(k)}' will be updated corresponding to the ith particle at the kth iteration
step.

The evolution process of the standard PSO algorithm is implemented according to the position and
velocity update equations, (13) and (12), respectively.

Eventually, the standard PSO algorithm stops at the nth maximum iteration number and the optimal
rotor flux reference is obtained as follows.

Ydr_optimal = gbeSty/d, (n) (16)

3.2. Dynamic Particle Swarm Optimisation Algorithm

A dynamic PSO algorithm is one of the standard PSO algorithm variants which was introduced in
[28] with time-varying cognitive and social parameters. For most of the population-based optimisation
techniques, it is desirable to encourage the individuals to wander through the entire search space
without clustering around local optima during the early stages of the optimisation, as well as being
important to enhance convergence towards the global optimum during the latter stages. The second
part of the velocity update equation (12) is known as the cognitive component which represents the
personal thinking of each particle. The cognitive component encourages the particles to move towards
their own best positions whereas the third part of the velocity update equation is known as the social
component which represents the collaborative effect of the particles in the global optimal solution
search. The social component always pulls the particles towards the global best particle [28]. Thus, it
is obvious that the cognitive and social parameters in the velocity update equation are two of the
parameters which support the algorithm to satisfy the requirements of enhancing the performance in
the early and latter stages. Proper control of these two parameters is important to find the optimal
solution accurately and efficiently. Using the modification of the cognitive and social parameters, the
algorithm improves the global search capability of the particles in the early stage of the optimisation
process and then directs particles to the global optimum at the end stage so that the convergence
capability of the search process is enhanced. To achieve this, large cognitive and small social
parameters are used at the beginning and small cognitive and large social parameters are used at the
latter stage. The mathematical representation of this modification is given as follows [28]:

485 | Vol. 6, Issue 1, pp. 481-497



International Journal of Advances in Engineering & Technology, Mar. 2013.

OIJAET ISSN: 2231-1963
Vi (k+1) = wv; (k)+ ¢, (k)r (pbest; (k) — x; (k))+c, (k)r, (gbest (k) - x; (k)), (17)
1<i<M and 1<k <n
where
k
Cl(k) = (Clﬁnal - Cﬂ.initial)ﬁ + Cinitial (18)
k
Cz(k): (szina| —Czinitia|)ﬁ+02initia| (19)

c1(k) and ca(k) are the time-varying cognitive and social parameters.
Cuinitial 2N C1sinal are the initial and final values respectively of the cognitive parameter.
Cainitiat AN Casinal are the initial and final values respectively of the social parameter.

The dynamic PSO algorithm is applied for energy efficient control of the IM where the position and
velocity of the ith particle are updated using (13) and (17) respectively. The velocity update equation
uses the time-varying cognitive and social parameters.

In this application, the parameter ci(k) is set to decrease linearly with Ciiniiar = 2.5 and Cifina = 0.5
during a run whereas the parameter c»(k) is set to increase linearly Cainitiar = 0.5 and Cofinai = 2.5.

Thus, the cognitive parameter is large and the social parameter is small at the beginning. This
enhances the global search capability in the early part of the optimisation process. Then, the cognitive
parameter is decreased linearly and the social parameter is increased linearly until at the end of the
search, the particles are encouraged to converge towards the global optimum with small cognitive and
large social parameters. This modification improves the evolution process performance and
overcomes premature convergence of the standard PSO algorithm.

Additionally, the particles also represent the rotor flux reference of the IM with the limitations of the
ith particle position and velocity as in (14) and (15).

The inertia weight, w, is set to 0.9. The two independent random sequences, ri and r», are uniformly
distributed in U(0, 1).

The evolution process of the dynamic PSO algorithm is implemented according to the position and
velocity update equations, (13) and (17), respectively.

Eventually, the dynamic PSO algorithm stops at the nth maximum iteration number and the optimal
rotor flux reference is obtained by (16).

3.3. Chaos Particle Swarm Optimisation Algorithm

In addition to the dynamic PSO algorithm, this paper also proposes another novel application of a
chaos PSO algorithm for energy efficient control of the IM which is also more efficient than the
standard PSO algorithm. The chaos PSO algorithm is a combination between the standard PSO
algorithm and a chaotic map which was presented in [30-34].
Chaos is a common phenomenon in non-linear systems, which includes infinite unstable period
motions. It is a stochastic and unpredictable process in a deterministic non-linear system.
A chaotic map is a discrete-time dynamical system [30] which is given as follows:

X = f(x(k—l) ) (20)

where xc € (0,1),k=1,2,...

The sequences are generated by using one of the chaotic maps known as chaotic sequences. These
sequences have the characteristics of the chaotic map such as randomness, ergodicity and regularity,
so that no state is repeated. The chaotic sequences have been recently considered as sources of
random sequences which can be adopted instead of normally generated random sequences.

For the standard PSO algorithm, one of its main disadvantages is premature convergence, especially
in local optima problems. Thus, in order to overcome this, the algorithm parameter sequences with a
randomness-based choice are substituted by the chaotic sequences which are generated from a chaotic
map. In this case, the chaotic sequences are obviously an appropriate tool to support the standard PSO
algorithm so that it avoids getting stuck in a local optimum during the search process and overcomes
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the premature convergence phenomenon present in the standard PSO algorithm. There are many
chaotic maps which have been introduced and used to improve the standard PSO algorithm [30].
Amongst them, the logistic map is one of the simplest and easiest maps to employ in the chaos PSO
algorithm for energy efficient control of the IM.

A logistic map is given as follows:
Xy =aX( q)ll-Xgp) k=1,2, ... (21)
where
Xk is the kth chaotic number, X« € (0, 1) with the following initial conditions.
Xo is @ random number in the interval of (0, 1) and Xo ¢ {0.0, 0.25, 0.5, 0.75, 1.0}.
a is the control parameter, usually set to 4 in the experiments [30].

In this application, the particles represent the rotor flux reference of the IM. Each particle has its
position and velocity. The logistic map is used for initializing the position {y,; } and velocity {v,, }

of the ith particle described as follows:
vanll)= b‘/’dr(i—l)(l)(l_l//dr(i—l)(l))’ 1<i<M (22)
where

waro(1) is an initial value to produce the first particle position at the first iteration. It is a random
number in the interval of (0, 1) and (1) ¢ {0.0, 0.25, 0.5, 0.75, 1.0}.

Yy W=bv,,,  Ol-v,, @), 1<i<M (23)
wherev,, (1) is an initial value to produce the first particle velocity at the first iteration. It is a random
number in the interval of (0, 1) with v, (1) ¢ {0.0, 0.25, 0.5, 0.75, 1.0}.

The ith particle position and velocity are also limited by (14) and (15).
In addition, the chaotic inertia weight in the chaos PSO algorithm is:
W =bw_y) (l—w(k_l)) , 1<k <n (24)
where
W is the kth chaotic inertia weight, wi € (0, 1) has the following initial conditions.
Wo is a random number in the interval of (0, 1) and wo ¢ {0.0, 0.25, 0.5, 0.75, 1.0}.
Moreover, the two independent chaotic random sequences in the chaos PSO algorithm are:
re= br(}(,l)(l— r(}(,l)), 1<k<n (25)
re = br(ﬁ_l)(l— r(ﬁ_l)), 1<k<n (26)
where

riand r% are two kth independent chaotic random sequences, rand r% e (0, 1) have the following
initial conditions: r' and r?% are random numbers in the interval of (0, 1) and r';and r% ¢ {0.0, 0.25,
0.5, 0.75, 1.0}.

Then, the velocity update equation of the standard PSO algorithm is re-written as follows:
Vi (k+1)=wv; ()+corie( pbest; (k) - x; (k))+c,nié (gbest(k) - x; (k)) (27)
1<i<M and 1<k <n

where
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W, re andr? are the logistic maps.
In this case, the cognitive and social parameters, ¢, and c; are set to 2.

The evolution process of the chaos PSO algorithm is implemented according to the position and
velocity update equations, (13) and (27) respectively.

Eventually, the chaos PSO algorithm will stop at the nth maximum iteration number and the optimal
rotor flux reference will be obtained by (16).

The flow chart for energy efficient control of the IM using the standard PSO, dynamic PSO and chaos

PSO algorithms is shown in Figure 1.

Initialise {wy, }, {v,, } and the parame-

ters of three algorithms:
- Standard PSO algorithm
- Dynamic PSO algorithm
- Chaos PSO algorithm

»

v
Compute the fitness value of each
algorithm using the fitness function (11)

v

Update the personal best (pbest) and
global best (gbest) of {4} for each

algorithm
v

Update {wq } and {v,, } using the

position and velocity update equations of
each algorithm:

* Standard PSO algorithm, (13) and (12)
* Dynamic PSO algorithm, (13) and (17)
* Chaos PSO algorithm, (13) and (27)

Termination
criteria

Yes

Yy r_optimal

Figure 1. Flow chart for energy efficient control of the IM using the standard PSO, dynamic PSO and chaos
PSO algorithms.

IV. SIMULATION RESULTS

Simulations are performed using MATLAB/SIMULINK software for energy efficient control of the 3
Hp IM, fed by a voltage source inverter. The specifications and parameters of the simulated IM are in
Table 1. The standard PSO, dynamic PSO and chaos PSO algorithms are applied for energy efficient
control of the IM in which the particle number of a generation is set to 50 and the maximum iteration
number is set to 100.
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Table 1. IM specifications and parameters.

Number of phases 3

Connection Star

Number of poles 4

Rated power 3 Hp (~ 2.24 kW)
Line voltage (RMS) 230V

Line current (RMS) 9A

Rated speed 1430 rpm

Rated torque 14.96 N m

Rotor construction

Wound rotor with slip rings

Stator resistance

0550

Stator inductance 0.068 H
Magnetizing inductance 0.063 H
Rotor resistance 0.72Q
Rotor inductance 0.068 H
Moment of inertia 0.05 kg m?

Figure 2 shows the IM efficiency corresponding to the rated rotor flux reference which is constant
regardless of the IM load variation. When the IM load is 80% of the rated load in the period, t = 0.5-2
s, the IM efficiency is high, 73.1%. At t = 2 s, the IM load starts decreasing to 60%, 50%, 40% and
20% of the rated load and the IM efficiency then decreases to 68.8%, 66.2%, 62.2% and 45.1%
respectively. When the IM load decreases, the output power decreases and the input power is
constant. As a consequence, the IM efficiency decreases. In order to keep high IM efficiency, the
input power is required to decrease and this can be achieved by changing the rotor flux reference to its
optimal value.
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Figure 2. IM efficiency with the rated rotor flux reference.

Efficiency (%)

Figures 3-6 show that the IM always has high efficiency with the optimal IM rotor flux reference
obtained by the standard PSO, dynamic PSO and chaos PSO algorithms and the GA. The rotor flux
reference alters to adapt to the IM load variations. There is a significant improvement in the IM
efficiency, Figures 3-6, which is compared to the IM efficiency using the rated rotor flux reference,
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Figure 2, especially at light loads. The IM efficiency is 45.1% at the lightest load whereas it is 72.9%,
81.0%, 83.5% and 79.0% using the optimal rotor flux reference obtained by the standard PSO,
dynamic PSO and chaos PSO algorithms and the GA, Table 5.
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Figure 3. IM efficiency with the optimal rotor flux reference obtained using the standard PSO algorithm.
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Figure 4. IM efficiency with the optimal rotor flux reference obtained using the dynamic PSO algorithm.
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Figure 6. IM efficiency with the optimal rotor flux reference obtained using the GA.

Figures 7-10 are the best fitness of the GA, standard PSO, dynamic PSO and chaos PSO algorithms
versus the iteration step number and show the convergence capability of each algorithm.
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Figure 7. Best fitness versus the iteration step number of the GA.
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Figure 9. Best fitness versus the iteration step number of the dynamic PSO algorithm.
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Chaos PSO algorithm
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Figure 10. Best fitness versus the iteration step number of the chaos PSO algorithm.

It can be observed that there is a basic difference between the standard PSO and dynamic PSO
algorithms from Table 2. The cognitive and social parameters are time-varying variables in the
velocity update equation of the dynamic PSO algorithm. This results in a significant improvement in
the convergence value of the dynamic PSO algorithm as shown in Figures 8 and 9. Table 3 shows that
the convergence value of the standard PSO algorithm is 0.24417 whereas that of the dynamic PSO
algorithm is 1.399x10°,

Table 2. Parameters in the standard PSO, dynamic PSO and chaos PSO algorithms.

Algorithm Standard PSO Dynamic PSO Chaos PSO
Initial particles’ | Random numbers | Random Chaotic maps,
positions € (0,1) numbers e (0,1) | using (22)
Initial particles’ | Random numbers | Random Chaotic maps,
velocities € (0,1) numbers e (0,1) | using (23)
Inertia weight, w w =constant=0.9 | w = constant = | A chaotic map,
0.9 using (24)
Acceleration €1 = C, = constant | Time-varying i = C =
coefficients, c1 and | =2 variables, using | constant =2
C2 (18) and (19)
Independent Random numbers | Random Chaotic maps,
random sequences, | e (0,1) numbers e (0, 1) | using (25) and
rrandr. (26)
Table 3. The convergence value of algorithms
Algorithm GA Standard PSO Dynamic PSO Chaos PSO
Convergence value 5.476x1073 0.24417 1.399x10°® 1.127x107

Similarly, several differences also exist between the standard PSO and chaos PSO algorithms in Table
2 such as the initialisation of the particles’ positions and velocities using the chaotic map, the chaotic
inertia weight and the two chaotic independent random sequences in the velocity update equation of
the chaos PSO algorithm. These enhance the solution quality of the algorithm. The convergence value
of the chaos PSO algorithm is better than that of the standard PSO algorithm as shown in Figures 8
and 10. Table 3 shows that the convergence value of the standard PSO algorithm is 0.24417 whereas
that of the chaos PSO algorithm is 1.127x107.

All these features in both the dynamic PSO and chaos PSO algorithms improve the performance as
well as avoiding premature convergence in the standard PSO algorithm as illustrated in Figures 8-10.
The dynamic PSO and chaos PSO algorithms are therefore better than the standard PSO algorithm.
Additionally, when the standard PSO algorithm is compared with the GA, the standard PSO algorithm
converges to the best fitness value faster than the GA in Figures 7 and 8; however this does not mean
that the standard PSO algorithm is better than the GA. The standard PSO algorithm became stuck in a
local optimum during the search process and resulted in premature convergence. Table 4 shows that
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the standard PSO algorithm converges at the 14th iteration step whereas the GA converge at the 77th
iteration step.
Table 4. The convergence speed of algorithms

Algorithm GA Standard PSO Dynamic PSO Chaos PSO
Iteration step number 77 14 44 17
Table 5. IM Efficiency with various load variations
Time IM IM Efficiency (%)
(s) Load Rated Optimal flux
(%) Flux Standard PSO | Dynamic PSO | Chaos PSO GA
0.5-2 80 73.1 80.4 80.6 80.1 79.6
2-25 60 68.8 715 78.0 80.7 76.5
2.5-3 50 66.2 70.8 79.9 81.9 74.0
3-3.5 40 62.2 71.6 78.5 80.5 77.7
3.5-5 20 45.1 72.9 81.0 83.5 79.0

When the GA is compared with the dynamic PSO and chaos PSO algorithms, it is observed that the
performance of the dynamic PSO and chaos PSO algorithms are better than the GA in terms of both
the convergence speed and value in Figures 7, 9 and 10. Table 3 shows that the convergence value of
the GA is 5.476x107 whereas that of the dynamic PSO and chaos PSO algorithms are 1.399x10° and
1.127x10°® respectively. Furthermore, Table 4 shows that the dynamic PSO and chaos PSO algorithms
converge at the 44th and 17th iteration steps respectively whereas the GA converges at the 77th
iteration step.

These results show that the both the dynamic PSO and chaos PSO algorithms are better than the GA
and standard PSO algorithm in term of both the convergence value and speed for energy efficient
control of an IM. This confirms the validity and effectiveness of the dynamic PSO and chaos PSO
algorithms in this novel application, Figure 11.

O Rated flux

B Optimal flux-Standard PSO
0O Optimal flux-Dynamic PSO
0O Optimal flux-Chaos PSO

B Optimal flux-GA

Efficiency (%)
]
f

0.5-2 2-25 2.5-3 3-35 3.5-5
Time (s)
Figure 11. Comparison between IM efficiencies using the rated flux and the optimal fluxes obtained by the
standard PSO, dynamic PSO, chaos PSO, and GA.

V. CONCLUSIONS

This paper proposed a novel energy efficient control strategy for the IM using an optimal rotor flux
reference obtained by the dynamic PSO and chaos PSO algorithms.

The dynamic PSO algorithm is one of the standard PSO algorithm variants, which modifies the
cognitive and social parameters in the velocity update equation of the standard PSO algorithm as
linear time-varying parameters. Large cognitive and small social parameters are used in the early part
for enhancing the global search capability and then small cognitive and large social parameters are
utilized at the end stage to improve the convergence of the algorithm.

The combination of the standard PSO algorithm and the chaotic map is known as the chaos PSO
algorithm. The randomness-based parameters of the chaos PSO algorithm are initialized using the
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logistic map for the initial positions and velocities of the particles, the inertia weight and the two
independent random sequences in the velocity update equation. The inertia weight in the chaos PSO
algorithm was created for the best balance during the evolution process to produce the best
convergence capability and search performance. Furthermore, the algorithm has also been improved
because of the diversity in the standard PSO algorithm solution space using two independent chaotic
random sequences.

The simulation results show that the IM efficiency is significantly improved, especially for light loads
using the optimal rotor flux reference obtained by the standard PSO, dynamic PSO, chaos PSO
algorithms and the GA regardless of load variations. It can be realised that the obtained IM efficiency
by using the dynamic PSO and chaos PSO algorithms always remained optimal and better than others
obtained by using the GA and standard PSO algorithm. Furthermore, the convergence speed and value
of the dynamic PSO and chaos PSO algorithms are better than the GA and standard PSO algorithm.

V1. FUTURE WORKS

It can be realised that this proposal has been developed assuming steady-state operation of the IM.
Thus, it would be useful to further extend the research for transient conditions.

In this energy efficient control strategy, it is assumed that no measurement noise is present. Thus, it
would be useful to examine this effect in future research.

Experimental results for the energy efficient control scheme of the IM would give a valuable
confirmation of the simulation results obtained.
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