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Abstract: Brushless Direct Current (BLDC) motor becomes at the top of motors in high
performance drive systems such as Electric vehicle (EV). This paper presents a modern
approach of speed control for BLDC using particle swarm optimization (PSO) algorithm. to
optimize the scaling factors of fuzzy logic controller (FLC). The overall system is simulated
under various operating conditions and simulation results have been examined at different
control techniques. At the same operating conditions, these simulation results are compared
with those obtained using fuzzy logic. The investigated results illustrated that the use of PSO
as an optimization algorithm makes the drive robust, with faster dynamic response, higher
accuracy and insensitive to load variation. The system is tested for a step change in load and
the simulation results showed good dynamic response with fast recovery time.

1. Introduction

The brushless DC (BLDC) motor is a permanent magnet synchronous machine supplied from
a six-transistor inverter whose on/off switching is determined by the rotor position. Because
of no brushes or commutator, the system is becoming increasingly attractive in high
performance variable-speed drives. It can produce torque-speed characteristic similar to that
of a permanent-magnet conventional DC motor while avoiding the problems of failure of
brushes and mechanical commutation. In addition to the reduction in maintenance needs, the
BLDC motor has low inertia, large power to volume ratio, significant reduction in friction and
very small noise as compared with the permanent-magnet conventional DC servomotor at the
same rating. However, all the above advantages are purchased at the price of high cost and
more complex controller than that of the conventional motor.

Many control techniques have been developed to improve the performance of motor drives.
These techniques include PID control, nonlinear feedback control, fuzzy control, adaptive
control, sliding mode control, etc. The most widely used control method is Proportional
Integral Derivative (P1D) controller.

BLDC motor speed and position control have been a topic of interest for the last few years.
FLC for speed control plus integral proportional (IP) for a robust position control is discussed
in [1]. The speed FLC has two rule tables one for common control during transient and
another for fine control at steady state [1]. Yu et al. [2] have presented a Linear Quadratic
Response (LQR) method to optimally tune the PID gains. In this method, the response of the
system is near optimal but it requires mathematical calculations and solving equations. A
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fuzzy based sliding mode control scheme for BLDC motor was proposed in [3]. It combines
the best features of both the FLC and sliding mode control to achieve rapid and accurate
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control. Rubaai A, et al [4] gave the design and experimental verification of hybrid fuzzy and
P1 controllers for BLDC motor drive. The idea is to use Pl controller while keeping in the
background a fuzzy controller, which is ready to take over Pl controller when severe
perturbations occur. Thus, the PI and fuzzy controllers can be managed to take advantage of
their positive attributes. For adaptive control, complex adaptive laws are often used to
compensate the effect of parameters variations while the transient response may not be
satisfactory in practical applications [5].

In [6] speed regulation scheme of a small brushless DC motor (BLDC motor) with trapezoidal
back-emf consideration has been presented. Its proposed control strategy uses the proportional
controller in which the proportional gain, kp, is appropriately adjusted by using genetic
algorithms. Sliding mode controllers SMCs have been widely used for speed and position
control of Permanent Magnet Synchronous Motors PMSMs. They provide a fast dynamic
response, insensitivity to parameter variations and external load disturbance [7; 8]. Fuzzy
logic controllers have been used in many areas after fuzzy set theory was first introduced by
Zadeh. A FLC can be easily used in the control of systems for which an exact mathematical
model of the system cannot be obtained. The essential part of a FLC is a set of the linguistic
control rules related by the dual concepts of fuzzy implication and the compositional rule of
inference. Classically, fuzzy variables have been adjusted by expert knowledge and trial and
error. A neuro-fuzzy control (NFC) for speed control of a PMSM drive system is proposed in
[9]. A neural network (NN) is used to adjust input and output parameters of membership
functions in FLC. The back propagation-learning algorithm is used for training this network.
Simulation and experimental results indicate that the proposed controller is reliable and
effective in the speed control of the PMSM. Cetin Elmas, and Oguz Ustun in [10] introduces a
hybrid controller (HC) for speed control of a PMSM drive. In the drive, a SMC and a NFC are
connected in parallel which used to obtain a controller that eliminates the chattering
phenomenon and provides a fast and smooth dynamic response for the speed control of
PMSM drive. By using an error band method, the system is controlled by the SMC to get a
fast dynamic response in transient mode, and is also controlled by the NFC to get a smooth
dynamic response in steady state mode. In [11] a novel PSO-based approach to optimally
design a PID controller for a brushless DC motor is proposed. Alberto A. in [12] demonstrates
the ability to optimize PID parameters for a BLDC motor by using a particle swarm
optimizer.

In this paper, a PSO-based approach to optimally design a Fuzzy logic controller for a
brushless DC motor subjected to wide loading variations is proposed. Simulation results with
real motor parameters were processed to yield estimate the dynamic response and
measurements.

2. Mathematical Model of the BLDC Motor Drive

It is assumed that the BLDC motor is connected to the output of the inverter, while the
inverter input terminals are connected to a constant supply voltage. The equivalent circuit
model that refers to this circuit diagram is shown in Figure 1. Another assumption is that there
are no power losses in the inverter and the 3-phase motor winding is connected in star.

The equations that govern this model are as follows.

V4 = VN + Va4

Vg = VN T Ve 1
Vo = VNt Var
where:

Vsa, VsB, Vsc are the inverter output voltages that supply the 3 — phase winding.
Va, Vi, V¢ are the voltages across the motor armature winding.
VN — Voltage at the neutral point.
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Figure 1: Equivalent circuit of 3-phase PM BLDC motor.

For a symmetrical winding and balanced system, the voltage equation across the motor
winding is as follows:

A Ry 0 079ris)  La Lap Lac]ria] rea
ve|=|0 Rg O0|lig|+_|lgs Lg Lgc||ig|+ e 2
v 0 0 RE i.|: Lm LEB Ll: i'l: L=y

Since Ra = Rg = R¢c =R, and for the inductances, since the self and mutual inductances are
constant for surface mounted permanent magnets on the cylindrical rotor, and the winding is
symmetrical:

LA:LB:LC:L:a“dLA.B:LBC:LCA:LBA:LAC:LEB:M 3
4] [R 0 07[iy L M M|[is =)

ve|=|0 R 0|(ig|+ M L M||is|+|®e

Vi 0 0 i M M LIl = 4
For a Y-connected stator winding,

iﬂ+i3+in=ﬂ 5

Therefore, the voltage takes the following form:

Y R 0 O07[is ; L, 0 Dqris (1Y
vg| =10 R Oflig|+|0 L 0]ig|+ ep 6
"rl: 0 0 i.|: 0 0 L5 i'l: EI:

Where the synchronous inductance, Ls =L—-M

To link the input voltages and currents of the inverter with those of the output, the power
equality equation, Pin = Pout is assumed at both sides.

From this, the inverter input current is:

. 1., . .
iy = E(la"-’sa +ipvep + ipVec) 7

where Vsa, Vsg and vgc are the phase voltages that supply the motor.
The produced torque is defined by the following equations:
| [ 8

TEm=lEq?+E-mm+TL
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where J.o = I + . is the equivalent moment of inertia, and Jv, J are the moments of inertia

of the motor and load respectively, B - friction coefficient and T - load torque.
The electromagnetic torque for this 3-phase motor is dependent on the current (i), speed (®m)
and electromotive force (e). The equation is:

Ton = 22 4 208 4 500 = Rp(h () i + 65 (o) i + f () - ic) 9

- by by -
where,

£ (d.) = sin(B,)
£, ($) = sin (B, — =%)

3 10
f, () = sin (8, — %7
Combining all the above equations, the system in state-space form is;
% = Ax + Bu 11
x=[iy ig i, wy B6.]' 12
R 0 0 _KeC@)
LS LS
0 R o _Ke(h@)
LS LS
A = 0 0 _& _KE(fc(¢e)) 0
LS LS
Ke(f.(4)) Ke(f,(2)) Ke(f.(2)) D 0
J J J J
0 0 0 P 0
L 2 . 13
1 0 0 O
LS
0 L 0 0
LS
B =
0 0 L 0
LS
0 0 O 21
J
0 0 0 0 | 14
u=[vy vg v Tl 15
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3. Controller Design

3.1. Fuzzy Logic Controller (FLC)
Increasing interest has been, seen in applying fuzzy set theory to BLDC drive systems. The
power of fuzzy logic approach stems from the ability to implement linguistic description of
control rule for difficult to model system.
In general, FLC design consists of the following steps:

1. ldentification of input and output variables.

2. Construction of control rules.

3. Establishing the approach for describing system state in terms of fuzzy sets
(establishing fuzzification method and fuzzy membership functions).

4. Selection of the compositional rule of inference.

5. Defuzzification method, i.e, transformations of fuzzy control statement into specific
control actions.

The block diagram of this controller is shown in Figure 2 the controller has two inputs, error
(e) and the change of error (ce), and a single output (u). All the three variables must lie in the
interval [-1,1]. This is achieved by scaling the physical system variables by appropriate
constant and if necessary, limiting the resulting value. The controller inputs of error (e) and
change of error (ce) are scaled by the constant e(K) and ce(K) respectively, and the control
output (u) by K.

Set 4

< Rule table
QOutput
+ —~i K I—‘Il’hml —
d . -
A Defuzzifier

Figure 2: Block diagram of fuzzy logic controller.

Point

The Fuzzy rules are in the form:
Ri:IFEis Ajand CE is B THEN u is C;

where:

E=Ke*e

CE =Kce * ce

E : the normalized value of the error.

CE  :the normalized value of the change of error.

Aj, Biand C; : Fuzzy subsets in their universes of discourse.

Each input universe and output universe of discourse may be divided into seven Fuzzy
subsets. These are:

Positive Big : “PB”
Positive Medium : “PM”
Positive Small : “PS”
Zero : “ZE”

Negative Small : “NS”
Negative Medium : “NM”
Negative Big : “NB”

NoakowhE
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The partition of Fuzzy subsets and the shape of the membership functions are shown in
Figure 3. The triangular shape of the membership functions of this arrangement presumes that
for any particular input there is only one dominant Fuzzy subset.

T T T T T T T T T T T

NB NM NS ZE PS PM PB

05+ —

0

| 1 I I I | T [ 1 1 I
1 -0.8 0.6 04 02 0 02 04 06 08 1

Figure 3: The membership functions for input signals E, CE and output u.

The above IF-THEN rule is a fuzzy description of control logic representing the human
experts qualitative knowledge. For different (e) and (ce) values, a set of fuzzy control rules
can be obtained as shown in Table 1.

The control output is calculated using the minimum operation for fuzzy implication and
center of gravity defuzification.

Table 1: Fuzzy rule table

\C& NB NM NS ZE PS PM PB

NB - NB NB NB NB NM NS ZE
NB NB NB NM NS ZE PS

NS NB NB NM NS ZE PS PM
ZE NB NM NS ZE PS PM PB
PS NM NS ZE PS PM PB PB
PM NS ZE PS PM PB PB PB
PBE ZE PS PM PB PB PB PB

For n rules:

U':E‘, .::'g:] = l[.=l Ci- min ':HA[{I?_]; HB[{I:'E_]:]

XP . min (uy; (e), ug;(cel)
Ci is defined as the value of u where the fuzzy set C; obtains a maximum (or median of the
interval where maximum is reached).

3.2. Effect of Controller Parameter
Finding optimum adjustment of a controller gains for a given process is not trivial.
The influence of the Fuzzy controller parameters Ke, Kce and Kc are studied. Therefore, a
computer simulation is done, for studying:
a. Effect of error gain Ke:
The error gain sets the controllable range from ¥, — {ij to ¥+ {ij of the output

voltage. Outside this range, the error of volt e is assumed to be saturated and is
classified as one of the two extreme Fuzzy subsets, PB or NB.

b. Effect of error change gain Kce:
The effect of changing the error gain sets the damping factor of the transient
response. Small Kce results in oscillatory response, while a large Kce produces a
damped response. Also, large Kce have a weak effect on increasing the rise time.

7
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c. Effect of error output gain Kc:
The parameter Kc is simply the maximum change of control output of the Fuzzy
controller, large Kc have a strong effect on decreasing the rise time which voltage up
the response and vise versa. This parameter has a weak effect on damping.

3.3. Tuning of Fuzzy Logic Controllers
Tuning the Fuzzy controllers is a difficult task as it has many parameters to be tuned as
follows:

a. Rule tuning: Changes of rules may affect the performance. However, it is not so easy
to tune the rule base.

b. Membership function (MF) tuning: Changes of MF’s may not affect the performance
very much. It is also not very convenient to tune MF’s.

c. Gain tuning: Changes of gain affect the performance greatly. As it is easier to tune the
gain than the rule base and MF’s. So, the gain tuning is the most common way for
tuning Fuzzy controllers. Based on the above reasons, the general rule base shown in
Table 1 and standard MF’s shown in Figure 3 can be used for different applications,
leaving the optimum tuning to the scaling gains.

Usually, in gain tuning, Ke and Kce are chosen first by trying to spread e all over the
controlled range for best resolution, and do not let e out of the range too much in order to
keep the control of it. The second step is tuning Kc until a desirable rise time is reached. As
Fuzzy gives a velocity type control, so Kc is usually smaller.

Practically, it may be hard to get an optimum performance by the above tuning strategy
because transient state and steady state need different control resolutions.

In transient state, large errors need a coarse control which employs coarser MF’s, while in
steady state, small errors need a fine control which employs finer MF’s. The relationship
between coarser and MF’s is actually a constant and can be adjusted by the scaling gains.

4. Particle SWARM Optimization

In order to optimize the fuzzy logic controller, the Particle Swarm Optimization (PSO)
technique has been used to optimize the scaling factors to convert the input variables from its
real value to a normalized. Using PSO to optimize a fuzzy logic controller has been done
before [13; 14], and is an interesting way to give better performance to a fuzzy logic system.
The original PSO algorithm is discovered through simplified social model simulation. It is
related to the bird flocking, fishing schooling, and swarm theory. The PSO was first designed
to simulate birds seeking food, which is defined as a “cornfield vector.” The bird would find
food through social cooperation with other birds around it (within its neighborhood). It was
then expanded to multidimensional search. The topological rather than Euclidean
neighborhood was utilized. The original PSO algorithm is described as below.

vid = vid + clrand()(pid-xid) + c2Rand()(pgd-xid) 16
xid = xid + vid 17
where:

cl and c2 are positive constants,
rand() and Rand() are two random functions in the range [0,1];
Xi = (xil, xi2, ..., xiD) represents the ith particle;
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Pi = (pil, pi2, ..., piD) represents the best previous position (the position giving the best
fitness value) of the ith particle; the symbol g represents the index of the best particle
among all the particles in the population;

Vi = (vil, vi2, ..., viD) represents the rate of the position change (velocity) for particle i.

Equations (16, 17) are the equation describing the flying trajectory of a population of
particles. Equation (16) describes how the velocity is dynamically updated and Equation (17)
the position update of the “flying” particles. Equation (16) consists of three parts. The first
part is the momentum part. The velocity can’t be changed abruptly. It is changed from the
current velocity. The second part is the “cognitive” part which represents private thinking of
itself - learning from its own flying experience. The third part is the “social” part which
represents the collaboration among particles - learning from group flying experience [15].

In Equation (16), if the sum of the three parts on the right side exceeds a constant value
specified by user, then the velocity on that dimension is assigned to be +Vmax. Where,
particles' velocities on each dimension are clamped to a maximum velocity Vmax, which is an
important parameter. This originally is the only parameter required to be adjusted by users.
Big Vmax has particles have the potential to fly far past good solution areas while a small
Vmax has particles have the potential to be trapped into local minima, therefore unable to fly
into better solution areas. Usually a fixed constant value is used as the Vmax, but a
welldesigned dynamically changing Vmax might improve the PSO's performance.

The PSO algorithm is simple in concept, easy to implement and computational efficient. The
original procedure for implementing PSO is as follows:

1. Initialize a population of particles with random positions and velocities on D
dimensions in the problem space.

2. For each particle, evaluate the desired optimization fitness function in D variables.

3. Compare particle's fitness evaluation with its pbest. If current value is better than
pbest, then set pbest equal to the current value, and Pi equals to the current location Xi
in D-dimensional space.

4. ldentify the particle in the neighborhood with the best success so far, and assign its

index to the variable g.

Change the velocity and position of the particle according to Equation (16) and (17).

6. Loop to step 2) until a criterion is met, usually a sufficiently good fitness or a
maximum number of iterations.

o

Like the other evolutionary algorithms, PSO algorithms is a population based search
algorithm with random initialization, and there is interactions among population members.
Unlike the other evolutionary algorithms, in PSO, each particle flies through the solution
space, and has the ability to remember its previous best position, survives from generation to
generation. Furthermore, compared with the other evolutionary algorithms, e.g. evolutionary
programming, the original version of PSO is faster in initial convergence while slower in fine-
tuning.

Velocity changes of a PSO consist of three parts, the “social” part, the “cognitive” part, and
the momentum part. The balance among these parts determines the balance of the global and
local search ability, therefore the performance of a PSO.

The first new parameter added into the original PSO algorithm is the inertia weight. The
dynamic equation of PSO with inertia weight is modified to be:

vid = wvid + clrand()(pid-xid) + c2Rand()(pgd-xid) 18
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xid = xid + vid 19

Equations (18, 19) are the same as the Equations (16, 17) except a new parameter, inertia
weight w. The inertia weight is introduced to balance between the global and local search
abilities. The large inertia weight facilitates global search while the small inertia weight
facilitates local search. The introduction of the inertia weight also eliminates the requirement
of carefully setting the maximum velocity Vmax each time the PSO algorithm is used. The
Vmax can be simply set to the value of the dynamic range of each variable and the PSO
algorithm still performs well enough if not better. Figure 4 shows the flowchart of the

proposed PSO algorithm [16; 17; 18].

Select parameters of PSO:
N, c1, c2 and w

! '
‘ Evaluate the fitness of each particle ‘ Generate the randomly positions
¢ and velocities of particles

L]

Initialize, pbest with a copy of the
position for particle, determine gbest

No #‘7

Update velocities and positions
according to Eqs.(4-2a,42b)

Update pbest and gbest

Satisfying
stopping
criterion

Optimal values of Fuzzy Logic Controller
parameters

End

Figure 4 : Flowchart of the proposed PSO technique.

5. Simulation Results
The simulation results of the drive system under study are investigated when the system is
equipped with three proposed controllers. These are:

a. Fuzzy logic controller, and

b. Fuzzy-PSO controller.

For each control system, the following case studies are considered:
a. 10% loading.
b. 50% loading.
c. 100% loading.

In the previous case studies, the proposed controllers are introduced when the system is
operating at no load. The load is applied after 0.1 second with a value according to each case
study.

5.1. Fuzzy Logic Controller
The response of the BLDC motor with FLC is represented by speed following the application
of 10%, 50% and 100% step increase in load is shown in Figure 5. It can be seen from the
investigation of these curves that the system follows the command reference. Figure 5
illustrates that the speed is first decreased due to sudden increase in load, then its recovered
by returning to steady state (reference voltage), with the effect of fuzzy logic controller,
within 10 m.sec to 25m.sec as a recovery time.

10
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Figure 5: Speed / time response with fuzzy logic controller
at different loading conditions.

5.2. Fuzzy-PSO Controller
The response of the BLDC motor is represented by speed with Fuzzy logic controller
optimized with PSO following the application 10%, 50% and 100% step increase in load is
shown in Figure 6. It can be seen from examination of these curves that the system follows
the command reference. It is obvious that the damping characteristic is improved with Fuzzy-
PSO controller, within 6 m.sec to 16m.sec as a recovery time.
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50% loading
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=
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1950 |- = 2 s : i i . i i <
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1880~ ; : : -

1800 i | i i 1 i
0 [ [ 006 0 [ 0.12 014 [ 018 02
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Figure 6 Speed / time response with Fuzzy-PSO
controller at different loading conditions.

5.3. Comparative Study
In this section, a comparative study between the performance characteristic of the BLDC
motor under the influence of the control techniques mentioned before presented and
discussed. This comparative study is done between Fuzzy logic, and Fuzzy-PSO controllers.
In Figure 7 a comparison between the BLDC motor performance as presented by its speed/
11
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time response is demonstrated when equipped with Fuzzy logic and Fuzzy-PSO controllers.
In This case study the machine is assumed to loaded as the previous cases. It can be seen from
this figure the transient performance of the system when equipped with the different control
strategies mentioned before is acceptable. However, a better transient response and damping
characteristic is obtained with Fuzzy-PSO controller. The tuning difficulties associated with
Fuzzy logic controllers to the variations of the system operating conditions, makes the
application of Fuzzy-PSO controller is preferable.

Figure 7: Speed / time response with Fuzzy logic & Fuzzy-PSO
controller at different loading conditions.

6. Conclusions

This paper has presented investigation of two different control strategies on BLDC motor
drive. These are Fuzzy logic and Fuzzy-PSO controllers. The results have been accomplished
using computer simulation. Fuzzy logic and Fuzzy-PSO controllers are developed. This paper
has also shown that it is possible to optimize the scaling factors of Fuzzy logic controller
using particle swarm optimization. The influence of these control techniques on the
performance characteristics of the system under consideration of various operating condition
has been examined. The obtained results show that the transient response with Fuzzy-PSO
controller is better than that of other controller. Moreover, a good damping performance is
also obtained.
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