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Abstract: Problem statement: The tuning methodology for the parameters of aslepspeed
controller causes a transient deviation of theaasp from the set reference following variatiotoiad
torque in a permanent-magnet brushless DC (BLDC)omdrive systemApproach: This study
develops a mathematical model of the BLDC drivetesys firstly. Secondly, discusses a design of
the closed loop drive system employing the Adapbletwork-based Fuzzy Interference System
(ANFIS). The nonlinear simulation model of the BLDfbtors drive system with ANFIS control
based is simulated in the MATLAB/SIMULINK platformResults: The necessitated data for
training the ANFIS control is generated by simwatbf the system with conventional Pl controller.
Conclusion: The simulated electromagnetic torque and rotoredpsgnify the superiority of the
proposed technique over the classical method.
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INTRODUCTION of adaptive networks (Kisi, 2005; Huang and Uddin,
2006). ANFIS has been incorporated with two input
The Permanent Magnet Synchronous Motorvariables and one control output variable (Udetial.,
(PMSM) has a sinusoidal back emf and require2007).
sinusoidal stator currents to produce consiamjue This study deals with the closed loop modeling of
while the brushless DC (BLDC) motor has a trapeaioid PMBLDC motor considering the non-linearity in the
back emf and requires rectangular stator cuwsreot torque-balance equation and development of an ANFIS

produce constant torque (Varatharajual., 2010).  controller for improving the transient response
The BLDC motor is a permanent-magnet synchronouso|lowing torque disturbances.

machine supplied from a six-transistor inverter sdo
on/off switching is determined by the rotor positio
(Singet al 2003; Pillay and Krishnar,989).

The complete performance analysis with a design ] ) ) )
example of an axial field permanent magnet moto”MBLDCM drive and modeling: Figure 1 describes
servo drive has been discussed (Radwan and Goud&e basic building blocks of the PMBLDCM drive. The
2005). A digital speed controller for BLDCM and drive consists of speed controller, reference acrre
implemented in a digital signal processor has bee@€enerator, PWM current controller, position sensioe,
proposed (Singhet al., 2003). Vas (1998) has motor and IGBT based Current Controlled Voltage
developed the rotor position and the speed of peemta  Source Inverter (CC-VSI).
magnet has been estimated by Extended Kalman Filter The PMBLDC motor is modeled in the 3-phase abc
(EKF). The Hall Effect sensor are usually needed tovariables. The general volt-ampere equation for the
sense the rotor position which senses the posiigmal  circuit shown in the Fig. 2 can be expressed as:
for every 60 degree electriog@ladric and Terzic, 2001).

MATERIALSAND METHODS

The architecture and learning procedure under CRi +oh +e (1)
lying ANFIS (adaptive-network-based fuzzy inference "=~ " * Pha™ Een
system) have been well discussed. The ANFIS is a
fuzyy inference system implemented in the frameworkv,, = Ri, +pA,+e,, ()

Corresponding Author: V.M. Varatharaju, Department of Electrical Engiriegr Anna University, Chennai, 600 025, India
810



Am. J. Applied Sci., 8 (8): 810-815, 2011

Oref ®e Speed T Reference L’fl: PWM la )\a = Lé a_M(i b+i l (5)
.®—. controller current %. current
" limiter generator [—# controller . ) .
r A Ay =Ld,=M(i ,+ ) (6)
Posttion '\'dc_ )\c:LJC_M(i a+i )J (7)
where, Ls and M are the self and mutual inductances

respectively.
The PMBLDC motor has no neutral connection
and hence this results in:

Sensors

i,+i,+i =0 (8)

Substituting (8) into (5), (6) and (7) the flux
linkages are given as:

¢ )\a:ia(Ls+M)
d 15 1) )\b:.ib(Ls-'-M)and (9)
A, =i (L +M)

By substituting (9) in volt-ampere Eq. 1-3 and
rearranging these equations in a current derivadive
state space form, gives:

Fig. 2: Inverter and BLDCM equivalent circuit

Layer 4
Pis= (Vo ~Riyve )/ (L + M) (10)
pi, = (V,, ~Ri, +e,,)/ (L +M) (11)
Pic = (Vo ~Ri +e,) /(L + M) (12)
T T The developed electromagnetic torque may be
¥ 5 expressed as:
Fig. 3: Adaptive neural network T, = (e, i +e,ite) @) (13)
Vg, =Rig+pA +e, )

where,w;, is the rotor speed in electrical rad./sec.

where, 4, Vpn and \, are phase voltages and may be

defined as: ANFIS based control: An adaptive network, as its

name implies, is a network structure consistingades
Van= Vao = Vo, Von = Vo = Ve @and Vin =Veo— Vo (4) and directional links through which the nodes are

connected. Moreover, part or all of the nodes are
where, Vo, Vo, Veo @and vno are three phase and neutrabdaptive, which means each output of these nodes
voltages with respect to the zero reference pateati  depends on the parameter(s) pertaining to this, reotté
the mid-point of dc link (0) shown in the Fig. 2ifthe  the learning rule specifies how these parametesaldh
resistance per phase of the stator winding, pedithe  be changed to minimize a prescribed error measure.
differential operator and,g &, and g, are phase to The basic learning rule of adaptive networks isedas

neutral back emfs. on the gradient descent and the chain rule.

The A, A, and . are total flux linkage of phase Fuzzy Logic Control (FLC) is a great tool to deal
windings a, b and c respectively. Their values ban with complicated, non-linear and ill-defined system
expressed as: Artificial Neural Network (ANN) has the powerful
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capability for learning, adaptation, robustness andv-v_ _w, (17)
rapidity. In ANFIS the advantages of both the Fu@a ™ " w +w,
ANN have been combined. ANFIS is a class of
adaptive networks that is functionally equivalent t Layer 4: This layer's ' node output is a linear function
fuzzy inference system. This control methodologyof the third layer's' node output and the ANFIS input
solves the problem of non-linearity and parametessignals:
variations of PMBLDC drive.

ANFIS is designed for PMBLDC motor. The wf =w(px+gy+r) (18)
adaptive network, shown in Fig. 3, is a multilajeed
forward network in which each node performs a| gyer 5: This layer sums all the incoming signals:
particular function (node function) on incoming rsids
as well as a set of parameters pertaining to thgen

The formulae for the node function may vary frond@o FEw,ly+wf (19)

to node. . RESUL TS AND DISCUSSION
Consider a sugeno type of fuzzy system having the
rule base: In this work the drive model with Pl Speed
controller is developed and simulated, first. Té &f
» Ifxis Ajandyis B, then f=p;x+qy+r; equations representing the model of the drive syste
e Ifxis Ayandyis B, then f=px+qy+r, has been discussed. Experimental results are mtord

for the same motor using developed SIMULINK model

If the firing strengths of the rules are and w, in MATLAB. Figure 4-8 show simulated results. The
respectively for the particular values of the inputs A transient and steady state responses are obtainedsf
and integral of B then the output computed as Phase, 2.0 hp, 4- pole 1500 rpm, 4 A, motor (Dedai

weighted average: motor specifications are given in appendix).
Steady state current
w.f, +w a-phase current
lelijz (14) ST T L I
W, +w, | . m :
Iouhnauuun‘dtll|m » H‘d
Let the membership functions of fuzzy sets B, = ? L wﬁ.phaﬁ'cm# i
i=1,2, be |4 and |; . 2 e B e B
I I _jor'buﬂﬂ L‘II.P'“JH;:'J'
Layer 1: Each neuron “" in layer 1 is adaptive with a Sawe !:ﬂhasé‘i:mmw Lo e
parametric activation function. Its output is thradp of S5 W W pw M m .
membership function; an example is the generalized = , H I-.‘ " H " " J L P TV P P
bell shape function: s [ e v f-ml - L’m' hd
0.5 055 0.6 065 07 075 08 085 09 095 1
1 Time =—p
M) =———— as  _
1+[x —c} Fig. 4: Stator current of BLDC motor
a

Back EMF of the BLDC motor
Ea

where, [ a, b, c] is the parameter set. As the eslof o

[=1

the parameters change, the shape of the bell-shape I 100 | ‘
function varies. Eb
R o T
2 1] ] ".‘ ;4 "‘.‘ ,‘" 1 /. 4
Layer 2: Every node in layer 2 is a fixed node, whose B 00 Bkl foad oo L
output is the product of all incoming signals: 2 Ec
1 = T ) W V.~ S, 8V, OO T~

(VR e e O A B s S

Wi = Ha () Hai(y), i=1,2 (16) atp At el ol
0.5 0.55 0.6 0.65 0.7 075 0.8 085 09 095 1
Time —

Layer 3: This layer normalizes each input with respect
to the others (Thé"inode output is thé"iinput divided  Fig. 5: Represents the Trapezoidal back EMF of BLDC
the sum of all the other inputs): motor
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In Fig. 7 shows the torque and speed waveforms
for moment of inertia 0.013 kg-nit reaches the steady
state torque and speed suddenly at time 0.03 séx. |
inferred that increasing the moment of inertia tlien
takes large time to reach steady state.

7. Torque and speed-moment of inertia 0.013 kg
2
m

N ! P 3 The speed error and change in speed error obtained
60 : : 1 . . . .
| _ ] | using PI controller is fe_d as the input of layerinl
il ANFIS structure and trained through GUI tool box of
‘O '\ , ANFIS in MATLAB simulation software. The resultant
“ I o T membership functions for speed error and change in
- — speed error are shown in Fig. 9 and10 respectively.
@ The complex ANFIS layer obtained from GUI tool
box after training the data is shown in Fig.11.
B I ‘ - ANFIS uses the neural network’s ability to clagsif
100 T e 1L data and finq patterns. It then develops a fuzzyesdx
80, e R : system that is more transparent to the user andeds
60 1 ; 1 likely to produce memorization error than a neural
| il Gy : e network. ANFIS keeps the advantages of a fuzzy expe
‘00 . A . system, while removing (or at least reducing) teec
0 01 02 03 04 05 06 07 08 09 1 for an expert. The problem with ANFIS design isttha
Time (s) large amounts of training data require developing a
(b) accurate system.

Figure 12 shows the rectangular stator current
8: Torque and speed-moment of inertia 0.013 kgresulted with ANFIS controller while Fig. 13 and 14
m? for step time 0.5 sec show the torque and speed responses.
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Fig. 12: Stator current-ANFIS controller

Fig. 14: Speed-ANFIS controller

CONCLUSION

The performance of the developed MATLAB
based speed controller of the BLDC drive has been
analyzed. The advantages of fuzzy logic and neural
network are fused together to form a connectionist
adaptive network based fuzzy logic controller. The
transient deviation of the response from the set
reference following variation in load torque is fmlto
be negligibly small along with a desirable reductia
settling time for the ANFIS controller. Becausehigh
dynamic performance and accurate speed tracking
control with good steady-state characteristics,isit
proposed for speed control of PMBLDC drives. Fystl
neural network based architecture is describefutory
logic control. The specified rules and their menshgr
functions are to be tuned by the back propagation
learning algorithm. The performance of the proposed
controller is evaluated under various operating
condition.
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