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ABSTRACT

Brushless DC(BLDC) motors are widely used for many industrial applications, In view of the problem that it is
difficult to tune the parameters and get satisfied control characteristics by using normal conventional PID controller.
a online identification method based on Radial Basis Function(RBF) has been proposed in this paper. In this method,
connection weight of neural network was revised in time according to the speed of motor and phase current, the duty
cycle of pulse width modulation (PWM) was adjusted to control the speed of BLDC motor. Conventional PID and
RBF neural network PID algorithm were respectively adopted to make a comparison. the control approach was
validated with simulation at first and then was implemented with a DSP TMS320F28035. Matlab simulations and
experiment results showed that the proposed approach has less overshoot, faster response, stronger ability of
anti-disturbance than the conventional PID controller.
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INTRODUCTION

Brushless DC(BLDC) motor has several benefits sash high power density, efficiency, power factdters
operation, compact form, reliability, low maintecan and better controllability. So far, BLDC motioas been
widely used in CNC machine tools, electrical equépin mining and other industrial applications fieléfor BLDC
motor the controller plays a very vital role in lidncing its performance for applications concegninad
variations[1-3].

The conventional proportional-integral-derivatiiel) controller is widely used in many control apptions
because of its simplicity and effectiveness, y& Bdntroller has its shortcomings, especially far target which is
nonlinear and uncertain. The parameters are fiwdii;h makes the controller inappropriate to compiexlinear
control systems. BLDC motor control system is atirudriable, nonlinear, strong coupling systemisitifficult to
achieve ideal control effect. Therefore, high perfance control strategy must be robust and adaovénterest in
emerging intelligent control systems for BLDC molas increased significantly.

Some intelligent control algorithms have been auplh the control of BLDC motor. A genetic algonthwas used
to find the optimum tuning parameters of the Plbtoadller by taking integral absolute error[4,5]DP$elf-tuning

methods based on relay feedback technique werenieal{6,7]. An adaptive fuzzy sliding-mode consgstem[8],
which combines the merits of sliding mode conttiog fuzzy inference mechanism and the adaptiverithgo, was
proposed by Lin, F. J [9].Wang, C. H employed asearber based direct adaptive fuzzy-neural networkroller

with supervisory controller for a class of high erdinknown nonlinear systems[10-11]. An adaptiv® Bontrol

tuning was proposed to cope with the control pnoblier a class of uncertain chaotic systems withemssl

disturbance[2]. Although the previous researchesqmted robust control in multi-rate or variablengbing, their
controllers were complex and difficult to implement
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Neural network as an intelligent control algorithismknown for its strong capacities of self-leaiself-adapting
and self-organization, and it is suitable for thmmtcol of nonlinear systems. Radial basis funci®BF) neural
network constitute a special network architectinat fpresents remarkable advantages over other|neetraork
types including better approximation capabilitissnpler network structures and faster learning rtigms. RBF
neural networks have found many applications ifetéht scientific areas like pattern recognitioptimization,
biological modeling and control.

This paper is organized in the following mannerSkttion 2, mathematical model of BLDC motor isatiéed. In
Section 3, RBF neural network control theory is lakged. PID controller based on RBF neural netwirk
investigated in section 4. To verify the effectigea of the proposed control method, the simulatiand
experiments are provided in Section 5. A brief dosion is outlined in Section 6.

MATHEMATICAL MODEL OF BLDC MOTOR

The induction electromotive force of BLDC Motor & trapezoidal wave which contained a larger nunder
harmonics, so it is difficult to analysis the op@ma characteristics of BLDC Motor precisely. There, the
following assumption of BLDC motor was given:

Windings of three-phase are symmetrical;

(2) The air-gap magnetic induction intensity irapezoidal distribution;

(3) Ignoring the influence of stator slot;

(4) Ignoring the influence of armature reactionaimgap flux;

(5) Ignoring the hysteresis and eddy current loss.

Typical mathematical model of BLDC motor is desedtby the following equations:

UlMRoO[i][t-M 0o 0] [e
Ul=0 ROJii|{ 0 L-M 0 |pi|+g
UllooRli/| 0 0 L-M||i] e

1)

Where, Ris the resistance of each phase of the stdtds the self-inductance of each phadd,is the mutual
inductance between any two phaS(l-IJ@,, Ub, U are the phase voltage§°A o loare phase currentsa , &, &

are trapezoidal back EMFS is differential operator,p =dd .The electromagnetic torque can be expressed as,
Te = eaia + eolb + ecic
w 2)

Where, @is the rotor speed. The torque balance equatiergeessed as,

T,=T,+39% By
dt 3)(

WhereTL is the load torque,J is moment of inertia, B is damping of friction coefficient .

RBF NEURAL NETWORK

RBF Neural Network Model

RBF neural network was first proposed by J.Moodd &nDarken in the late 1980s. Theoretically, RBErak
networks can approximate any continuous functidimdd on a compact set to any prescribed degreeaifracy
by sufficiently expanding the networks structure.

input layer hidden layer output layer

Figl RBF Neural Network structure

Basic RBF neural network consists of three layresnely input layer, hidden layer, and output layidre nodes
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within each layer are fully connected to the preasgidayer. The input nodes are directly connectethéohidden
layer neurons. The mapping from input layer to atfipyer is nonlinear, but the mapping from hiddayer to
output layer is linear, Thus greatly accelerategpeed of learning, and avoid the local minimumbfem. The
structure of multi-input and single-output (MISOBR neural network is represented in Fig. 1.

— T — T
In RBF neural network, the input vector K= 040% %] , assuming radial basis vector =R ,

h. . . :
!is Gaussian function,

h; =exp(- X2 e ||)J 1,2;-n

J (4)

C . . .
where !is the neuron’s center angJ is the center spread parameter. Here, we have @sedsian transfer
function for the hidden neurons. The weight frompunlayer to hidden layer is 1, the weight vectami hidden

T
layer to output layer i |s =W, Wy, W ] . For the neuron the output is:
= ij h,
j=1

The performance index function of identifier is

1

J == (Y(K) = ¥ (K))®
2 ©)

According to the gradient descent method, nodeeceatitput weights and node base-width parameterstown
as the following formula:

Aw, (k) =7(y(K) = v, (K)h,
w, (k) =w; (k —1)+Aw, (k) +a (W, (k-1)-w, (k- 2))

®)

o [x-c[
Ab, (k) =n7(y(k) = Y (K))w; b, =

j (7)

b, (K) =b, (k—1)+Ab, (k) +a (b, (k-1)-b, (k- 2))

86,0 =059 -, (K,

G (k)= G (k-1)+ A’7Cji K)+ a(Cji (k _1)_Cji (k-2))

(1)
where’ is the learning rate? is momentum factor.
Jacobian algorithm is
k oy, (k m c, —Au(k
Y0 () _ 1y & ~Bu)
0Au(k) aAu(k) = b;
8)
RBF neural network PID tuning principle
The tuning principle based on RBF neural netwoilR Blagram as shown in Figure 2.
E [g PID | Thesg;;;ﬂled y
0G| A (2K, +
Learning e
@orithm REF -
— | network
Fig 2 Tuning principle based on RBF neural network PID
This paper adopts the incremental PID controltex,dontrol error is :
e(k) =y, (k) = y(k) 9)

PID inputs are:
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x.(1)=ek)-ek-1)
x.(2) =e(k)
x.()=ek)-2ek-1+ek-2)

(10)
Where x@) is the proportional tern%(,c(z) is the integral terrﬁfc(B) is the differential term.
Neural network tuning index is:
E(K) = efk)’
2 (12)
PID control algorithm is
u(k) =u(k 1)+ Ky (e(k) —e(k 1)+ K, ek) +
K, (e(k) -2e(k -1)+ek - 2)) (12)
We can get the adjustment quanﬁtﬁl\ K, . Ko with the gradient descent method, the adjustmeantty are:
oE O0E dy dAu ay
AK, =— =——pn——_2 7" = KkK)y—— 1
F ”aKp dy 0Au 9K, e )6Aux°( )
_ OE _ OE dy dAu _ oy
AK, = - =-n——— =ne(k)—x(2) +(13
' ,76K, dy 0Au K, e )aAuX°( ) 143
oE 0E dy oAu oy
AK. =— =——p——_7 7" = K)y—— 3
P ”aKD dy dAu 9K, e )6Aux°( ) (13)

oy

WheredAU s the Jacobian information of controlled objechiah can be obtained by identification of the néura

network.

DESIGN OF BLDC MOTOR CONTROL SYSTEM BASED ON RBF NEURAL NETWORK
BLDC motor control system based on RBF neural network
The BLDC motor speed can be controlled accuratglgdntrolling PWM duty cycle D, The input signals RBF
neural network are phase current and speed, osigméal is duty cycle D, the input and output arpligol in BLDC
motor control system, it can change control paramedn-line and real-time. Neural network layerd anmber of
neurons selection is designed according to theinements of the system. Neural network revise thavark
weight vector and get the ideal duty cycle D act@ydo the operation state of the system. Structlimgram of
BLDC motor control system based on RBF neural ngtvas shown in Figure 3. The system adopts doubked
loop control, the inner loop is current loop, theey loop is speed loop.

Reference

Feedback
Speed

Speed Position Sigpal
Caleulation

eural Networ
\ Position
A} Detection
\

Speed Controller

Current Current
Controller|

Feedback

Current

Pwm
Cotroller

Fig3 Structure diagram of BLDC motor control system based on RBF neural network

Control algorithm system flow

According to the RBF neural network algorithm, grecess of BLDC motor control system is as follows:
To initialize the parameters of RBF neural netwadcording to the initialization process, set cotinecweight a
random number between [-0.5,0.5], set the threshallase of duty D [0,1], the duty cycle error threkhis 0.02.

To start the system, and then sample phase cuarehspeed of BLDC motor. The activation functionhafden

layer nodes is S type function:

b
—a+
f(s)=a e

Where"",b,d is constant, the S type function can meet therobmequirements of the electric drive control
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system.

To send sampled phase curréﬂt'b,'cand speefl to RBF neural network, correct the network weigéttor in
real time according to the operation status ofrtiidor; In accordance with the phase current, speedoutput D
values of neural network, Correct PWM in real titnecontrol the motor speed. compare actual valug Buwith

threshold value, if the errofkis less or equal to error threshold va%espeed control signal is output. Return to
step (1) and restart if it has not met the end itimmd

To end the algorithm if it has met the end conditipamely the error signa‘IaK is less than or equal to the error

threshold ,- Otherwise, return to step (1).

In the whole control process, input signals areé senetwork, the weight vector of RBF neural netkvis modified
in real time until the output duty cycle D is ideald the desired speed is achieved.

SIMULATION AND EXPERIENT RESULTS

Simulation test

To test the system performance, a simulation mofl&@LDC motor was established in MATLAB, the simtiden
model adopted conventional PID control and RBF alkenetwork PID control respectively, The BLDC motor
parameters are given in Table 1.

Table.1 Selected specifications of BLDC M otor

Parameters Value
Stator phase resistance R (ohm3
Stator phase inductance L (H)| 0.01
Voltage Constant (V/rpm) 0.08
Torque Constant (N.m / A) 0.7
Moment of Inertia (kg.m2/rad)| 0.001
Friction factor (N.m/(rad/sec)) | 0.0007
Pole pairs 4

Simulation results of speed response of BLDC maotging conventional PID controller and the propo&R&F
neural network PID controller is shown in Fig.4. simulation, reference speed was 3000 r/min, laadque
constant was 2 N.m at the beginning and changdd\ton at 0.2 s.
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Fig.4 Simulation Waveform (a) Speed Response Using Conventional PID Controller (b) Speed Response Using RBF neural network PID
Controller
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When conventional PID controller is used, the dattains the reference speed in 0.02 s, the overshabout 8%,
the adjustment time is 0.06 s, the steady-statw &rabout 2 r/min. When RBF neural network PlDvtcoller is
used, reference speed is reached in 0.02s, thetmaris 2.5%, the adjustment time is 0.03 s, thady-state error
is 2 r/min.

From the results shown above, the steady stateigrsame for both controllers, the drive systerh éve superior
rise time and settling time characteristics wita ffroposed controller, the vital performance indexie in favor of
proposed controller only.

To ascertain the performance of the proposed dertrgimulation results is obtained for varyingtbconditions.
The load torque increase from 2 N.m to 4 N.m as.0F2g. 4 shows the response for varying load deordi. From
the response plots shown above, if the conventiBiialcontroller is used, the speed decrease 2.dé6yery time
is about 0.04s; if the proposed RBF neural netweif® controller is used, speed decrease 1%, recauesy is
0.02s.

From the above results, the proposed RBF neuralanktPID controller for the BLDC motor is superior all
aspects when compared with conventional PID cdettdlVhen the load increased, the proposed coatrphoduce
less undershoot and recovery time, it indicates titva proposed controller is suited for the drieenployed for
varying load conditions.

Experimental test

The BLDC motor control system hardware structurgeldeon DSP TMS320F28035 is shown in Fig.5, All fiors

including data acquisition, processing and conar@ achieved by TMS320F28035. Peripheral circuitssist of

power driver, inverter circuit, Hall signal circugurrent sampling and CAN communication circuitd a0 on. Real
photo of control system is given in Fig.6.

The computer communicates with BLDC motor controllfeough CAN communication cable, the system fienss
the experimental data to the computer, the dataaised in computer, the data can be drawn in wawefor
Oscilloscope waveform of current and PWM signaéssdrown in Fig.7.
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Fig.5 BLDC Motor Control System Hardware Sructure
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Fig.6 Real photo of BLDC Motor Control System
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BLDC motor speed varies with constant load. Irigidhe motor run at O r/min, then the speed is geadnto 3000
r/min at constant load. Speed response is obtaimélé changing the speed for both the controllgvih the help
of Fig.8, the parameters of speed responses anmatired.

From the comparison of the controller performandethe conventional PID controller is used, th&lse time is

0.19 s, the overshoot is about 7%, adjusting tisrebiout 0.28 s, the steady-state error is abounif. If the RBF

neural network PID controller is used, the settliimye is 0.17 s, the overshoot is 3%, adjustingetisn0.2 s, the
steady-state error is about 4 r/min.

From the above verification and comparison, itrisved that proposed RBF neural network PID corgroffives
better performance when compared to the conventiRlitacontrollers.
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Fig.8 Experimental Waveform (a) Speed Response using Conventional PID controller (b) Speed Response using RBF neural network PID
Controller

The load is suddenly changed at constant speedpditiermances of the controllers are analyzed iatsituation.
The motor speed maintains constant at this comdéitd the load vary. Initially, 2 N.m load is ajgplito the motor.
Then the load change from 2 N.m to 4 N.m. Basedhenspeed response graphs shown in Fig.8, thetseaa
summarized.

If conventional PID controller is used, when thadas changed, the speed decrease 3%, recoverystabeut 0.1 s.
If the RBF neural network PID controller is usedhem the load is changed, the speed decrease kbévery time
is about 0.08 s.

From the above comparisons, the experimental medufther validate the proposed RBF neural netweh?
controller can improve the dynamic performancehefdystem.
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CONCLUSION

The conventional PID controller is difficult to nethe performance requirements of BLDC motor, théper
proposed a control strategy of RBF neural netwdi®. FFhe RBF neural network PID controller is susfally
implemented in the BLDC motor drive system, itsfpemance has been investigated both experimensaity by
simulation when the system is subjected to stemgan reference speed and sudden load disturb&aceus
control system parameters for both controllers Haen measured, analyzed and compared. The coopatisws
clearly that the proposed controller gives betefgrmances.
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