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The paper presents a tuning methodology for the parameters of adaptive current and speed controllers in a permanentmagnet brushless DC (BLDC) motor drive system. The parameters of both inner-loop and outer-loop PI controllers, which
vary with the operating conditions of the system, are adapted in order to maintain deadbeat response for current and speed.
Evenly distributed operating points are selected within preset regions of system loading. A particle swarm optimization
(PSO) algorithm is employed in order to obtain the controller parameters assuring deadbeat response at each selected load.
The resulting data from PSO are used to train adaptive neuro-fuzzy inference systems (ANFIS) that could deduce the
controller parameters at any other loading condition within the same region of operation. The ANFIS agents are tested
at numerous operating conditions indicating deadbeat response at all cases. The response of the developed controllers is
compared to that of classical controllers whose parameters are tuned using the well-known Ziegler-Nichols method. Results
signify the superiority of the proposed technique over the classical method.
K e y w o r d s: brushless DC motors, adaptive control, deadbeat response, particle swarm optimization, neuro-fuzzy
systems

1 INTRODUCTION

The brushless DC (BLDC) motor is a permanentmagnet synchronous machine supplied from a six-transistor inverter whose on/off switching is determined by
the rotor position [1], [2]. There are no brushes or commutator. The system is becoming increasingly attractive
in high-performance variable-speed drives since 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, and significant reduction in friction and
noise as compared with the permanent-magnet conventional DC servo motor at the same output rating. However, all the above advantages are purchased at the price
of high cost and more complex controller than that of the
conventional motor.
Good armature current response is indispensable if
BLDC motors are to have satisfactory driving performance. Many current control techniques have been developed, eg, vector control [3], predictive control [4], deadbeat control [5], and direct torque control [6]. Each approach has its own advantages and limitations. Classical
controllers, however, suffer from the variation of electrical machine parameters such as armature resistance. The
electrical parameters frequently vary with driving conditions, eg, variation of temperature and saturation phenomenon. Furthermore, possible variable loads result in

more severe parameter variations. Coupling the mechanical load to the motor shaft may cause the variation of
inertia and viscous friction coefficients. The main control
objective is to force the speed and/or current of a BLDC
motor to follow its reference trajectories. With such parameter uncertainties, serious performance deviations will
occur. Therefore, the robustness against machine parameter variations is an important issue to keep continual
control performance all the time.
Many of the proposed approaches with regard to parameter uncertainties are based on Lyapunov’s direct
method to find a nonlinear control law to stabilize these
systems [7] and [8]. The approaches attempt to find nonlinear state feedback laws that guarantee stability for all
possible uncertainties. In addition to the abovementioned
techniques, some methods are based on modified algebraic
Riccati equation to derive linear controls for stabilizing
linear uncertain systems [9]. The feedback linearization
technique has been applied to the control of nonlinear
plants such as induction and BLDC motors [10–12]. In
[13], a robust H∞ control of a drive system is solved in the
framework of linear matrix inequalities (LMI) and Lyapunov theory-S procedure. Another very effective robust
technique is the sliding-mode control, which can cope efficiently with system uncertainties [14] and [15]. However,
a chattering problem may arise. Some of the publications
mentioned above use state feedback robust controllers,
which require the implementation of a lot of sensors. Accordingly, the technique becomes expensive, while failure
may occur in some sensors. The problem can be allevi-
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Fig. 1. Block diagram of the BLDC motor drive system

ated by using the Proportional Integral (PI) controller,
which is simple in realization, and is usually employed
in a BLDC motor control. Robust PID/PI controllers for
minimum overshoot response of BLDC drives are introduced in [16].
Although the robust control methodologies result in
a single, simple, easily-implemented controller that copes
well with system uncertainties, system response might not
be satisfactory allover the entire operating range [16]. The
adaptive control methodology becomes necessary in order
to obtain a reasonable behavior of the closed loop system
[17]; however, it needs persistent excitation.
The present paper uses the particle swarm optimization (PSO) algorithm to adapt controller parameters
assuring deadbeat response for the current and speed
of BLDC drives at certain loading conditions. The obtained controller parameters from PSO are used to train
an adaptive neuro-fuzzy inference system (ANFIS) that
provides the controller parameters at any other loading
condition within the predetermined region of operation.
Thus, adaptive tuning of PI controllers for BLDC drive is
achieved. The deadbeat response has three distinct characteristics: zero steady state error, fast response (minimum rise and settling times), and overshoot within ±2%
[18]. During the design phase, the electrical dynamics are
often neglected because they are inherently faster than
the associated mechanical dynamics. Consequently, the
cascaded control structure results, where the schemes of
the inner-loop current control and outer-loop speed control are separately designed (dynamic time scale separation).
2 PROBLEM FORMULATION

The present paper involves tuning the parameters of
current and speed controllers of BLDC motors in order
to obtain deadbeat response, which is seriously desired in
high performance applications. Since the plant transfer
function varies with operating conditions, the controller
parameters should change accordingly in order to maintain certain desired performance. The block diagram representation of the BLDC motor drive system is shown in
Fig. 1. The system employs two controllers: one in the
inner loop for current control, and another in the outer

loop for speed control. Both controllers are selected in
the present work to be of the proportional-integral (PI)
type. Each controller has two parameters, which are expected to vary with the change in operating conditions,
particularly loading.
2.1 Mathematical model of the BLDC motor
drive
The BLDC motor is fed from a DC source through a
standard three-phase inverter bridge as shown in Fig. 2.
The switching pattern of the bridge implies that one
switch of the upper phase leg is always conducting with
one switch from the lower phase leg. The arrangement
assures that two out of the three motor phases are connected to the supply at a time. The voltage equation is,
therefore, given as
h
dia i
Vdc = 2 Rs ia + (L − M )
+ e1 − e2 =
dt
dia
Ra ia + La
+ e1 − e2
dt

(1)

where,
Vdc = Voltage of the DC supply, V.
Rs =Stator winding resistance, Ω/ph .
ia =Armature current, A.
L =Self inductance of the stator winding per phase, H.
M =Mutual inductance between two stator phases, H.
e1 =Back EMF of the first current-carrying phase winding, V.
e2 =Back EMF of the second current-carrying phase
winding, V.
Ra = 2Rs , Ω.
La = 2(L − M ), H.
The resultant EMF across the two current-carrying
phases is proportional to the motor speed. Hence, Equation (1) could be rewritten as
Vdc = Ra ia + La

dia
+ Kb ω .
dt

(2)

The electromagnetic torque developed by the two currentcarrying phases is proportional to the stator current.
T e = K b ia .

(3)
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Fig. 2. Circuit diagram of the BLDC motor

The load torque is considered to vary with the motor
speed. The proportionality factor relating load torque
to shaft speed is taken as a nonlinear constant, which
depends on the loading condition. Consequently, the load
torque could be given as
TL = KT ω .

(4)

Accordingly, the mechanical equation of the rotor is
Te − TL = J

dω
+ Bω .
dt

(5)

Substituting Equations (3) and (4) into Equation (5)
yields
dω
K b ia − K T ω = J
+ Bω
(6)
dt
where,
Kb = EMF constant of the motor, V s/rad (N m/A).
ω =Mechanical speed of the rotor, rad/s.
Te =Electromagnetic torque developed by the motor,
N m.
TL =Load torque, N.m.
KT =Load torque constant, N.m.s/rad.
J =Moment of inertia of the motor shaft and attached load, kg m2 .
B =Coefficient of friction, N m s/rad.
The time-domain equations given above yield the
transfer functions shown in the block diagram of Fig. 1,
which accounts also for the transfer functions of the inverter bridge, current transducer, and speed sensor.
2.2 Controller design
The cascade control system of the BLDC motor drive
(Fig. 1) contains a current controller in the inner loop,
and a speed controller in the outer loop. Both controllers
are of the PI type; the parameters of both controllers are
adapted to cope with the varying operating conditions of
the system. The moment of inertia of the shaft and attached load, J , and the load torque constant, KT , vary
independently based on the conditions of the mechanical
loading at the motor shaft. In addition, the effective value
of the armature circuit resistance, Ra , changes with the
load on the motor. The reason is that the stator current

of the motor increases with the mechanical load leading
to an increase in the temperature rise due to copper loss.
No other parameter of the system seems to change significantly with the operating conditions. In brief, the proportional and integral constants of both current and speed
controllers should be tuned based on the J , KT , and Ra
parameters of the system.
The only varying system parameter, which appears
within the inner current control loop, is the armature
circuit resistance, Ra . Accordingly, the parameters of the
current controller should be tuned solely based on Ra .
Nevertheless, one distinct feature of the control system of
the BLDC motor drive is the fact that the two controllers
work at two different time scales.
The proposed technique of controller design relies on
selecting a set of operating points uniformly distributed
over a wide range. PSO is employed independently at each
of the selected points in order to obtain the controller parameters which minimize the percentage overshoot of the
step response to assure deadbeat behavior. The data attained from PSO algorithm is used to train an adaptive
neuro-fuzzy inference system (ANFIS) that would deduce
the controller parameters for deadbeat response at any
point within the operating region. The ANFIS agent is
trained off-line and will be implemented to adjust the
controller parameters on-line as the operating conditions
change. Therefore, the core of the adaptive current controller is an ANFIS module with one input denoting the
effective armature circuit resistance, and two outputs representing the parameters of a PI controller. Similarly, the
inputs to the ANFIS tool of the adaptive speed controller
are the shaft moment of inertia and load torque constant,
while the outputs signify the two parameters of the PI
controller.

3 INTELLIGENT TOOLS

The present work makes use of the state-of-the-art
paradigms of the modern artificial intelligence for optimization and adaptive inference. PSO is used to minimize the percentage overshoot of the system response in
order to obtain deadbeat behavior. Neuro-fuzzy systems
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are trained to infer the controller parameters at any operating condition other than those of the training data
obtained via PSO.
3.1 Particle swarm optimization (PSO)
The PSO, which is a member of the evolutionary routines family, mimics the social behavior of a swarm of
birds (particles) seeking the richest food source in a large
field [19–24]. The algorithm exploits a population of randomly generated potential solutions in order to detect
the global minimum of a highly nonlinear multimodal
objective function. The PSO is a derivative-free algorithm, which utilizes cooperation, competition, and experience of the population individuals along with probabilistic transition rules of search.
The algorithm starts with a randomly generated population of individual particles representing potential solutions to the optimization problem. Each particle signifies
a position in the search space, at which the objective function is evaluated. The particles move in the search space
affected by three factors, namely, the previous movement
of the same particle, the position of the best particle of the
current population (local best), and the position of the
best particle over the previous iterations (global best).
The new velocities of the particles are probabilistically
determined as given in Equation 7, while the new positions are computed as shown in Equation 8. One distinct
attribute of PSO, compared to other evolutionary techniques, is that it does not employ the “survival of the
fittest” concept as it does not implement a direct selection function. In other words, particles of low fitness can
survive and probably visit any point in the search space.


vik+1 = wvik + α Plk − xki +β Pgk − xki ,

xk+1
i

where,

=

xki

+

vik+1

(7)
(8)

vik+1 = the velocity vector of the ith particle at the
(k + 1)th iteration,
w
=inertia weighting factor,
vik =the velocity vector of the ith particle at the k th
iteration,
α
=bounded positive uniformly distributed random
vector,
Plk =the position vector of the local best particle at
the k th iteration,
k
xi =the position vector of the ith particle at the k th
iteration,
β
=bounded positive uniformly distributed random
vector,
Pgk =the position vector of the global best particle
up to the k th iteration,
k+1
xi =the position vector of the ith particle at the
(k + 1)th iteration.
One evident advantage of PSO is the ease of implementation. Once the particle positions and velocities are
randomly initialized, Equations 7 and 8 above are used
to iterate on the fitness till convergence.
3.2 Adaptive neuro-fuzzy inference systems
(ANFIS)
The adaptive neuro-fuzzy inference system (ANFIS)
refers, in general, to an adaptive network which performs
the function of a fuzzy inference system [25–29]. The
most commonly used fuzzy system in ANFIS architectures is the Sugeno model since it is less computationally exhaustive and more transparent than other models.
A consequent membership function (MF) of the Sugeno
model could be any arbitrary parameterized function of
the crisp inputs, most likely a polynomial. Zero and first
order polynomials are used as consequent MF in constant
and linear Sugeno models, respectively. In addition, the
defuzzification process in Sugeno fuzzy models is a simple weighted average calculation. The fuzzy space is divided via grid partitioning according to the number of
antecedent MF, and each fuzzy region is covered with
a fuzzy rule. On the other hand, each fixed and adaptive node of the network performs one function or subfunction of the Sugeno model, as shown in Fig. 3, such

Fig. 3. (a) – Two-input, one-output, two-rule Sugeno model, (b) – equivalent ANFIS structure
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Fig. 4. Step response of the current with different controllers obtained from PSO

Table 1. Results of PSO optimization for the current controller.

Ra
50%
75%
100%
125%
150%

Kp
0.56
0.58
0.61
0.64
0.68

Ki
160.5
198.21
234.75
265.89
289.09

that the overall performance of the network is functionally the same as that of the fuzzy model.
The adaptive network employs an optimization algorithm to modify the parameters of the fuzzy inference
system. The adaptation process aims at obtaining a set
of parameters at which an error measure between the
actual performance of the fuzzy model and a targeted
set of training data is minimized. Classical optimization
techniques, such as back propagation, could be used as
well as hybrid algorithms. The total number of ANFIS
modifiable parameters is a crucial factor of the computational effort required before the adaptation process is
completed. Therefore, antecedent Gaussian MF, which is
defined through two parameters only, is more preferable
than other forms of MF. ANFIS combines the advantages
of fuzzy systems and adaptive networks in one hybrid
intelligent paradigm. The flexibility and subjectivity of
fuzzy inference systems, when added to the optimization
strength of adaptive networks, give ANFIS its remarkable
power of modeling, learning, nonlinear mapping, and pattern recognition.
4 RESULTS

4.1 Current controller
The controller design scheme explained earlier is applied to both PI controllers of the current and speed loops
of a BLDC drive system, whose parameters are given in
Appendix 1. The parameters of the current controller are

Fig. 5. Variation of current controller parameters against Ra as
obtained from ANFIS

dependent on the effective value of the armature circuit
resistance, Ra . A reasonably wide range of Ra is chosen
to be between 50 % and 150 % of its nominal value [16];
such range accounts for large changes in the mechanical
shaft load on the motor. Five uniformly distributed values
of Ra are selected within the range, at which the plant
transfer function of the inner loop is evaluated. PSO is run
independently on the five cases to yield the PI controller
parameters which maintain deadbeat step response of the
system. The objective function to be minimized by PSO
is given through Equation (9); the solution is rejected if
the overshoot is not within ±2 % as per the definition
of deadbeat response [18]. The controller parameters obtained from PSO optimization are given in Table 1 against
the corresponding values of Ra , while the step response
of such cases is plotted in Fig. 4.
min J1 =

Kp ,Ki

ia,max − ia,SS
× 100 .
ia,SS

(9)

The set of controller parameters obtained from PSO
constitutes the training data of a single-input two-output
ANFIS model, which signifies the heart of the adaptive current controller of the inner loop. The developed
first-order Sugeno-type ANFIS has 3 Gaussian MFs per
input. During the training phase of ANFIS, the mean
square error stagnates at 2.7659 × 10−7 for Kp , and at
1.1194 × 10−4 for Ki when the system has been trained
for 15 iterations. ANFIS training is accomplished using a
hybrid adaptation routine based on the backpropagation
and least square methods as offered in the Fuzzy Logic
Toolbox of MATLABr7.1 . Testing of the trained ANFIS
model involves creating a testing dataset via stepping on
Ra from 50 % to 150 % by a step of 2 %. It is evident
that training data is a subset of the testing data. The
51 values of Ra are separately input to ANFIS to yield
the corresponding parameters of the current controller.
Values of the current controller parameters as obtained
from ANFIS are plotted against the armature circuit resistance, Ra , in Fig. 5. Each value of Ra is used along
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Fig. 6. Step response of the speed at selected loads with controllers obtained from PSO

Table 2. Results of PSO optimization for the speed controller.

J
100%

200%

300%

400%

500%

KT
50%
100%
150%
200%
50%
100%
150%
200%
50%
100%
150%
200%
50%
100%
150%
200%
50%
100%
150%
200%

Kp
0.057
0.059
0.061
0.063
0.0841
0.086
0.088
0.09
0.15
0.155
0.16
0.17
0.18
0.185
0.195
0.21
0.21
0.214
0.22
0.23

Ki
0.58
0.96
1.26
1.49
0.477
0.85
1.2
1.5
0.49
0.85
1.2
1.5
0.45
0.85
1.2
1.5
0.442
0.8
1.2
1.5

with its corresponding controller to find the step response
of the current, of which the overshoot is computed. The
percentage overshoot is zero at all points except for the
50 % value of Ra , where the overshoot is 0.022 %.
4.2 Speed controller
The same design procedures are repeated for the PI
speed controller of the outer loop. The value of the armature circuit resistance, Ra , does not affect the performance of the outer loop since the current response is
known to be much faster than the speed response. Therefore, Ra is fixed at its nominal value along with the
corresponding current controller for all design steps of
the speed controller. Consequently, the parameters of the
speed controller should be tuned only with the moment

Fig. 7. Percentage overshoots of the speed step response at
different loads

of inertia, J , and the load torque constant KT , which
vary independently. The shaft moment of inertia, J , is
varied between 100 % and 500 % [2] with a step of 100 %
of the nominal value, while the load torque constant, KT ,
is changed from 50 % to 200 % [2] with a step of 50 %
of the nominal value. Combining the 5 values of J with
the 4 values of KT results in a grid of 20 equally spaced
load points spanning a satisfactorily wide range of operation. PSO is run independently to minimize the objective
function given in Equation (10) at such 20 load points.
The parameters of the PI speed controller, which yield
deadbeat response, are saved at each loading condition.
The controller parameters obtained from PSO are listed
in Table 2, while the step response of the speed is shown
in Fig. 6 at selected extreme load points. It should be
noticed from Figs. 4 and 6 that the current response is at
least 10 times faster than the speed response. Such observation validates the presumption that the Ra value does
not affect the performance of the speed control loop.
min J2 =

Kp ,Ki

ωmax − ωSS
× 100 .
ωSS

(10)

The parameters of the speed controller obtained from
PSO are used to train an ANFIS module in order to deduce the parameters at any loading condition within the
predetermined region. The first-order Sugeno-type ANFIS has two inputs and two outputs with 4 Gaussian MFs
per input. After training ANFIS with the hybrid algorithm for 20 iterations, the mean square error reached a
minimum of 6.17 × 10−3 and 6.62 × 10−3 for Kp and Ki ,
respectively. ANFIS design, training, and testing are completed using the Fuzzy Logic Toolbox of MATLABr 7.1.
The testing dataset is composed by stepping on J from
100 % to 500 % with a step of 20 % of the nominal value,
and on KT from 50 % to 200 % with a step of 10 %. The
21 values of J are combined with the 16 values of KT
to yield 336 load points evenly distributed over the whole
operating region. It is intuitive that the training data is
a subset of the testing data.
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Fig. 8. Variation of speed controller parameters with loading conditions as obtained from ANFIS

Fig. 9. Step response of the current using classical and proposed
controllers

Fig. 10. Step response of the speed using classical and proposed
controllers

The load points of the 336 testing cases are passed
on to the ANFIS agent to obtain the corresponding parameters of the speed controller. Each load point is used
along with its associated controller to compute the step
response of the system. The nominal value of Ra and its
subsequent current controller are used in the inner loop
for all cases as pointed out earlier. Testing results of the
developed ANFIS denote that the percentage overshoot
at all testing points is always less than 1 % indicating
deadbeat response. Variation of the percentage overshoot
versus operating conditions is shown in Fig. 7, while the
relationship between parameters of the speed controller
and operating conditions is depicted in Fig. 8. It should
be emphasized that the percentage overshoot of the speed
response is zero at the majority of the testing cases excluding some points with small J and KT , where it does
not exceed 1 % (Fig. 7). Results of ANFIS testing validate the design methodology adopted in the paper and
demonstrate its effectiveness to ensure the deadbeat response, which is exceedingly sought in high performance
applications.

4.3 Comparison with classical controllers
The PI current and speed controllers are designed
at nominal loading using the classical tuning routine of
Ziegler-Nichols for the sake of comparison with the proposed adaptive controllers. The obtained proportional
and integral constants of the PI current controller are
8.3125 and 9086, respectively. The current step response
of the system is plotted in Fig. 9 in three cases: with
the Ziegler-Nichols controller, and with the adaptive controller at 50 % and 150 % Ra . A unity step command in
the current is applied at t = 0 seconds, followed by two
other commands of −0.8 and 0.6 pu at t = 0.02 and
t = 0.04 seconds, respectively. The responses evidently
indicate the superiority of the proposed technique over
classical method.
The same procedure is repeated for the speed controller, whose proportional and integral gains are found
by Ziegler-Nichols technique to be 0.45 and 137, respectively. The step responses of the speed are plotted in
Fig. 10 with the classical controller, and with the proposed controller at two extreme loading conditions. The
step commands of 0.5 , 0.5 , and −0.5 pu are applied at
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0, 1, and 2 seconds, respectively. The plots denote the
superiority of the adaptive controller compared to the
Ziegler-Nichols controller.
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