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Abstract: Because of its simple structure, high efficiency, low noise, and high reliability, the brushless
direct current motor (BLDCM) has an irreplaceable role compared with other types of motors in many
aspects. The traditional proportional integral derivative (PID) control algorithm has been widely
used in practical engineering because of its simple structure and convenient adjustment, but it has
many shortcomings in control accuracy and other aspects. Therefore, in this paper, a fuzzy single
neuron neural network (FSNNN) PID algorithm based on an automatic speed regulator (ASR) is
designed and applied to a BLDCM control system. This paper introduces a BLDCM mathematical
model and its control system and designs an FSNNN PID algorithm that takes speed deviation e at
different sampling times as inputs of a neural network to adjust the PID parameters, and then it uses
a fuzzy system to adjust gain K of the neural network. In addition, the frequency domain stability
of a double closed loop PID control system is analyzed, and the control effect of traditional PID,
fuzzy PID, and FSNNN PID algorithms are compared by setting different reference speeds, as well
as the change rules of three-phase current, back electromotive force (EMF), electromagnetic torque,
and rotor angle position. Finally, results show that a motor controlled by the FSNNN PID algorithm
has certain superiority compared with traditional PID and fuzzy PID algorithms and also has better
control effects.

Keywords: brushless direct current motor (BLDCM); automatic speed regulator (ASR); fuzzy single
neuron neural network (FSNNN) algorithm; performance index

1. Introduction

The brushless direct current motor (BLDCM)), also called a permanent magnet syn-
chronous motor, is one of the motor types that is coming of age due to continuous im-
provement in high energy permanent magnet materials, power semiconductors, digital
integrated circuits, and computer technology. BLDCM has received a great deal of attention
in many applications such as electric automotive, aerospace, robotics, military, industrial
control, and electric vehicles because it has many predominant features such as a simple
structure, high efficiency, better reliability, less noise, and is free of maintenance over a wide
range of speeds [1-4]. BLDCM is a device that can convert electrical energy into mechanical
energy. The distinct feature of BLDCM is the adopting of electronic commutation instead of
mechanical commutation of the traditional direct current (DC) motor. Thus, by eliminating
the mechanical commutators and brushes, the problems of radio frequency interference
and sparking are solved. In addition, BLDCM has trapezoidal electromotive force (EMF)
and quasi-rectangular current waveforms. Three Hall sensors are usually used as position
sensors to perform current commutations every 60 electrical degrees [5,6]. It is well known
that up until now, the traditional proportional integral derivative (PID) controller has been
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the most widely used in practical engineering due to its simple control structure, ease of
design, and inexpensive cost. However, the PID controller cannot yield a good control
algorithm if the controlled object is highly nonlinear and uncertain [7]. Though there exists
a model, BLDCM is also susceptible to un-modeled dynamics, parameter variations, un-
certainties, and disturbances, such as the impact of electrical and mechanical disturbances
in practical operation, which limits the application of control algorithms relying on the
model [8].

In the last few years, a large number of contributions based on various advanced intel-
ligent control strategies such as sliding-mode control [9,10], ant colony algorithm [11,12],
genetic algorithm [13,14], particle swarm optimization (PSO) algorithm [15,16], model
reference adaptive control (MRAC) algorithm [17,18], fuzzy control [19,20], artificial neural
network control algorithm [21,22], and so on, have been proposed to solve this problem.
Among them, the fuzzy control algorithm is widely used in various control systems because
it has the advantage of not needing to master the mathematical model of the controlled ob-
ject but organizes the control decision table according to manual rules and then determines
the size of the control amount. Fuzzy control has developed rapidly, and many experts
and scholars have applied it in many aspects [23-26]. However, the establishment of fuzzy
mathematics requires a great deal of control experience and has greater subjectivity. The
inputs and outputs are inevitably affected by the limited scope of the universe and the
division of fuzzy subsets, which leads to the slow response of fuzzy control. Furthermore,
through adopting “if-then” control rules, there are some inconveniences in learning and
adjusting control parameters, so the accuracy is generally not high. In order to solve
these shortcomings of fuzzy control algorithms mentioned above, fuzzy control combined
with other intelligence algorithms is used to improve the performance of the fuzzy con-
troller. Among them, the neural network has strong advantages in adapting to complex
environments and multi-objective control. The algorithm structure is simple and clear,
and it does not depend on a mathematical model of the controlled object. With strong
parallel computing, self-learning, self-organization, and self-adaptation ability, it can be
used in control processes that are difficult or impossible to describe with mathematical
models and control rules [27]. In 1943, psychologist Warren S. Mcculloch and mathematical
logician Walter Pitts first proposed the concept of the artificial neural network and the
mathematical model of artificial neurons, thus opening the era of artificial neural network
research [28]. Then, American neuroscientist F. Rosenblatt proposed a machine that could
simulate human’s perception ability in 1958, which was called the “perceptron” artificial
neural network [29]. In 1986, D. E. Rumelhart et al. restudied the BP artificial neural
network algorithm, which overcame the weakness of early-rising neurons and provided
a practical solution for learning, training, and implementation of the multilayer neural
network [30]. In the following ten years, due to its shallow structure, easy over fitting,
and slow parameter training speed, the once hot neural network gradually faded out of
people’s attention, until 2006, when G. E. Hinton and his student R. R. Salakhutdinov’s
research on neural networks set off an upsurge of deep learning in academia and industry,
which opened the curtain of deep learning and marked the birth of deep learning [31].
So far, in the development of neural networks for nearly 80 years, with the rapid increase
of computer processing speed and storage capacity, artificial neural network technology
has been applied to all aspects of industrial life [32-35].

The fuzzy neural network PID algorithm makes use of advantages of both the learning
capability of the neural network and the robustness of fuzzy logic control that compensates
the disadvantages of modification of fuzzy rules or models. Chhipa et al. proposed an
adaptive neuro-fuzzy inference system (ANFIS) maximum power point tracking (MPPT)
controller for grid-connected doubly fed induction generator (DFIG)-based wind energy
conversion systems (WECS). Then the controller’s performance was tested under vari-
ous wind speed circumstances and compared with the performance of a conventional
proportional-integral MPPT controller. A simulation study showed that WECS can operate
at its optimum power for the proposed controller’s wide range of input wind speed [36].
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In Reference [37], Qiao et al. investigated an adaptive fuzzy neural network control system
for the multiobjective operation of a wastewater treatment process with standard effluent
quality as well as low energy consumption. The performance comparison with other al-
gorithms indicated that the proposed control system yielded better effluent qualities and
lower average operation consumption. In Reference [38], Ali et al. was concerned with
the problem of state estimation of Takagi-Sugeno (T-S) fuzzy delayed neural networks
with Markovian jumping parameters via sampled-data control. Based on Lyapunov-
Krasovskii stability theory and linear matrix inequality (LMI) formulation, a new set of
delay-dependent conditions was developed to estimate the state variables of fuzzy neural
networks through available output measurements, such that the error system was asymptot-
ically stable. Numerical examples were given to illustrate the usefulness and effectiveness
of the proposed results. In Reference [39], Guan et al. proposed a new fuzzy deep neural
network architecture for lip image segmentation. A large number of lip image dataset
experiments were carried out, and the results showed that the proposed method achieved
state-of-the-art performance when compared with other algorithms. In Reference [40],
S. Varela-Santos et al. described a new hybrid approach, based on modular artificial neural
networks with fuzzy logic integration, for the diagnosis of pulmonary diseases such as
pneumonia and lung nodules. The proposed approach achieved high classification accuracy
after evaluating the neuro-fuzzy model with three large datasets of chest X-rays. Zhang et al.
proposed a neural network-based fuzzy controller to attenuate the irregular wave-induced
vibration of a steeljacket offshore platform, and it achieved better vibration-attenuating
performance under uncertain control delay and random waves, when compared to existed
optimal control laws and fuzzy controllers without neural networks [41].

In previous work, we proposed a fuzzy PI algorithm for BLDCM control systems,
and results verified the superiority of the fuzzy PI algorithm for BLDCM double closed
loop systems compared with traditional PID controls [42]. The establishment of fuzzy
mathematics needs a lot of experience and strong subjectivity, therefore, in order to improve
the shortcomings of fuzzy control, such as slow response speed and low control accuracy.
This paper presents a FSNNN PID algorithm, which makes full use of the advantages of
strong adaptive ability of fuzzy control, and the strong self-learning, self-organization, and
parallel computing of neural networks. In addition, the FSNNN PID algorithm takes the
speed deviation ¢ at different sampling times as the input of a neural network to adjust PID
parameters, and fuzzy control is used to modify the output gain K of the neural network
online, which takes the speed deviation e and deviation change rate ec as the input and
the gain adjustment coefficient K’ as the output of fuzzy systems. Finally, the rest of this
paper is structured as follows: Section 2 introduces the mathematical model of BLDCM.
In Section 3, the FSNNN PID algorithm is designed and applied in the ASR of a BLDCM
double closed loop control system. Section 4 introduces a motor control system, as well
as the modulation mode of Mosfet and the relationship between Mosfet and Hall sensors.
Section 5 analyzes the frequency domain stability of a double closed loop PID control
system and the step response performance index of motor speed in the time domain, as
well as the change rules of three-phase current, back EMF, electromagnetic torque, and
rotor angle position. Conclusions are drawn in Section 6.

2. Mathematical Model of BLDCM

The phase voltage of three-phase A, B, and C winding in BLDCM is composed of
resistance drop and induced EMF; an equivalent circuit of BLDCM is shown in Figure 1.
Take phase A as an example,

Ua = Raia +eypa, (1)
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where Uj, is phase voltage, Rp is phase resistance, ia is phase current, and ey 4 is phase-
induced EMF; the winding-induced EMF is equal to the change rate of the flux ¢4, that is,

dl/)A
= — 2
el/JA dt ( )
Furthermore, the flux ¥4 is given as
A = Laia + Mapip + Macic + $pm(0), ®)

where L is the self-inductance, Map and Mac are the mutual inductance of phase A with
phase B and phase C, respectively; ig and ic are the phase B and C currents, respectively;
Ppm(0) is the permanent magnet (PM) flux linkage of phase A; and 0 is the position angle
of the rotor, the angle between the rotor d-axis and the axis of phase A.

U, R A Is
\J

Figure 1. Equivalent circuit of BLDCM.

When the rotor position is «, the PM flux of phase A is

lem("‘) = N‘Ppm(“) 4)
dom(@) = [ B(0)-sd0, ®

where ¢pm(a) is PM flux of phase A when the rotor position angle is «, B(f) is PM rotor

radial flux density in the air gap, which is in a trapezoidal distribution along 6, N is turns

of windings, and S is product of rotor radius and effective length of conductors.
Substituting Equations (2)—(5) into Equation (1), the following can be obtained:

Uy =Rp-ip+ %(LAI'A + Magip + Macic + lem)
. . . . Z+6
= Rp -ip + %(LAZA + Magip + Macic) + % [stngrG B(x)dx} (6)
= Ra -ia + S (Laia + Magip + Macic) + ea
where e, is the back-EMF of phase A. Further, as the three-phase stator windings are
symmetrical, the self-inductances will be equal, and so as the mutual inductance, that is

La =Lg=Lc =L, Mag = Mpa = Mpc = Mcp = Mac = Mca = M. Substituting them into
Equation (6), the following can be obtained:

. diy o dip dic
UA—RA'ZA+L§+M§+M§+€A (7)

Furthermore, e, is rotating back EMF that is produced by the winding flux linkage
caused by the rotating rotor; it also can be expressed as

A = ZNS(UBmfA(H) = (,(JlefA(G) (8)

w is the electrical angular speed of motor, By, is the maximum value of PM density
distribution in air gap, {m is the maximum value of PM flux linkage of each winding, and
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fa(0) is back EMF waveform function of phase A. Note that the f 5 () has a trapezoidal dis-
tribution with the rotor position, and its maximum and minimum values are, respectively,
1 and —1. That is,

(6/m)0 (0<0<m/6)
1 (11/6 < 6 <571/6)
fa@) =< —(6/m)o+6 (5r/6<0<7m1/6) . 9)
-1 (71/6 < 6 < 117/6)
(6/m)0—12 (11m/6 < 6 < 2m)

As for the three phase symmetrical windings, fg(0) =fa(0 — 27/3), and fc(6) = fA(0 +
21/3), and the curve of f o (6) is shown in Figure 2.

fA(a)“ 1 1 1 1 1 1 1 1 1 1 1 1
1F et -

0 L Y Y
A o e
6 ' w2 " sne ' Tnie ' 3m2 ' 1lm/e

Figure 2. Back EMF waveform function of phase A.

As the currents of the three phase satisfy ip + ip + ic =0, and Ry = Rp = Rc =R, the
mathematical model of the BLDCM phase voltage equation can thus be expressed as

Un =Re-ig+ (L—M)- 42 +ep
Up = R-ig+ (L — M) - 4 + e (10)
Uc = R-ic+ (L— M) - %€ +ec

When the motor is operating, power from the source is absorbed. Due to the influence
of nonlinear factors such as clearance, friction, and elastic deformation on the rotor, most of
the power is transferred through the air gap to the rotor by the torque effect. However, only
when the armature voltage reaches a certain value will the rotor rotate, that is, there is a
dead zone. When armature voltage exceeds a certain value, motor speed will not increase,
and saturation will occur. In addition, less of the power is turned into copper loss and iron
loss is the uncertainties of the system. The power transferred to the rotor, which is called
the electromagnetic power, equals the sum of the product of current and back EMF of the
three phases. That is,

Po =ep-ip+ep-ip+ec-ic (11)

Ignoring the mechanical loss and stray loss, the electromagnetic power is totally turned
into kinetic energy; so,
Pe=T.-Q (12)

Hence,
Te:(eA‘iA+eB'iB+eC'iC)/Q (13)

where T, is electromagnetic torque, and () is angular velocity of rotation.
The motor motion equation is as follows:

dO
Te—TL:]ﬁ—i-BVQ (14)
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where T7, is the load torque, | is the rotor moment of inertia, and By, is the viscous friction
coefficient. Thus, the above equations constitute the differential mathematical model
of BLDCM.

3. FSNNN PID Algorithm

The FSNNN PID algorithm is based on the fusion of fuzzy control and neural network;
it can not only give full play to the advantages of fuzzy control, which does not depend
on the mathematical model of the controlled object and has strong robustness, but also
carries forward the advantages of the neural network that can approximate any nonlinear
function, namely a simple structure and clear learning algorithm. By learning the neural
network itself, the PID parameters under a certain optimal control law can be found.
However, the neural network is usually composed of multi-layers and multi neurons, with
complex structures and long weight training times, which are not conducive to real-time
control. Each neuron in a neural network has its own ability of self-learning and self-
adaptive and can approximate any function. Moreover, the single neuron algorithm has
the advantages of simple structure, less computational cost, short weight learning time,
and easy implementation. The output gain K of a single neuron neural network has a great
influence on the stability and convergence speed of the controller. In order to improve
control quality, a fuzzy control algorithm is used to adjust output gain K in real time.
The structure of the FSNNN PID controller is shown in Figure 3.

Fuzzy Logic —\

i

I e State
+ ® ' Transition

h_' Aulh) u® ' [Controlled | y(®
(Z K : Object

+ N —_
; Z . ‘
J

Singie Neuron Coniroiier

Figure 3. The structure of FSNNN PID control algorithm.

3.1. SNNN PID Algorithm

PID control is the earliest developed control algorithm [43], and its advantages are
simple structure, better adaptability, and high reliability. Furthermore, its mathematical
model is as follows:

e(k) = r(k) —y(k) (15)

u(k) = Au(k) +u(k—1) (16)

Au(k) = Kp(e(k) —e(k — 1)) + Kie(k) + Kq(e(k) —2e(k — 1) +e(k —2))

where r(k) is the reference setting value, y(k) is actual output value of the system, and e(k) is
the deviation between the above two; u(k) represents the output value at current sampling
time of the PID controller, u(k — 1) is the output value at a previous sampling time, and
Au(k) is the deviation between above two. Similarly, e(k — 1) is the deviation e(k) at a
previous sampling time, and e(k — 2) is the deviation at the previous two sampling times.
K} is the proportional coefficient, K is the integral coefficient, and Ky is the differential
coefficient of the PID control algorithm.

A single neuron neural network (SNNN) PID algorithm is composed of single neuron
and traditional PID control. In essence, it takes the proportional P, integral I, and derivative
D as the input weights of neurons, and simplifies the hidden layer into a variable coefficient,
compound, and adaptive neural network controller. The output value u(k) of the system is
calculated as follows: X

u(k) = u(k—1) +K)_ wi’ (k)x;(k) (17)
i=1
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where K(K > 0) is the gain coefficient of the neuron, w;’ (k) is normalized weight, and x;(k)
is state transition quantity of e(k); the calculation method of x;(k) is as follows:

xy(k) = e(k)
xp(k) = ( ) =e(k) — ( -1) (18)
x3(k) = A%e(k) = e(k) —2e(k — 1) +e(k —2)

Mathematical expression of the normalized weight w;’ (k) is as follows:

w (k) = ——=— (19)

The normalized weight w;’ (k) of single neuron controller can be adjusted online to
realize the function of self-adaptive and self-organization. The learning algorithm of w;’ (k)
mainly includes an unsupervised Hebb learning algorithm, supervised Delta learning
algorithm, and supervised Hebb learning algorithm. Among them, the supervised Hebb
learning algorithm takes into account the relationship between weight coefficient and input,
output, and output deviation of neurons, which has better control performance than the
other two learning algorithms. The supervised Hebb learning algorithm is as follows:

w1 (k) = wi(k —1) +npz(k)u(k)x; (k)
wy (k) = wa(k —1) 4+ yz(k)u(k)x (k) (20)
w3 (k) = w3 (k —1) + npz(k)u(k)xz(k)

Practice shows that the online learning correction of PID parameters is mainly related
to e(k) and Ae(k). Based on this, the weight coefficient learning correction part of the SNNN
PID control algorithm can be improved, and the improved algorithm is as follows:

wi (k) = wi(k—1) +npz(k)u(k)(e(k) + Ae(k))
w (k) = wa(k — 1) + mz(k)u(k) (e(k) + Ae(k)) (21)
w3 (k) = ws(k —1) +npz(k)u(k)(e(k) + Ae(k))

where z(k) is the performance index or progressive signal; taking z(k) = e(k), #p, #1, and #p
are the learning rates of PID coefficients, respectively, the different learning rates of which
are used to adjust different weights. If system response time is too long, #p and #; will be
increased; if overshoot decreases rapidly to a stable value and then rises, and steady-state
time is too long, the integral I will be reduced. For a large delay system, in order to reduce
overshoot, 7p and 77p can be appropriately larger, and if system transition time is too long,
11 will be increased.

It is important to choose an appropriate gain K of the SNNN algorithm. The larger K
is, the better convergence of system is, but it will lead to large overshoot and even make
the system unstable. When the time delay of the controlled object increases, gain K must
decrease to ensure stability. However, if gain K is small, the rapidity of the system will
become worse. In order to realize online self-tuning of gain K and improve control quality,
a fuzzy control algorithm is designed to improve gain K in this paper. Let K = Ky + K’, Kj is
the initial value of K, and K’ is adjusted online according to the fuzzy control algorithm.

3.2. Fuzzy Control Adjust Gain K’

The design process of the fuzzy control algorithm mainly includes fuzzification, es-
tablishment of fuzzy rules, fuzzy reasoning, and defuzzification. First of all, triangle and
Gauss type membership functions are selected to fuzzy input variables, and the fuzzy
universe is (—6, 6). It is the key of fuzzy controller to determine appropriate fuzzy rules
to make the system achieve expected dynamic and static characteristics. Table 1 shows
the fuzzy rules between ¢, ec, and K’, and the fuzzy subsets of input and output linguistic
variables are Negative Big, Negative Middle, Negative Small, Zero, Positive Small, Positive
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Middle, and Positive Big, represented by NB, NM, NS, ZO, PS, PM, and PB, respectively.
Figure 4 shows the output space surface of the gain adjustment coefficient K’.

Table 1. Fuzzy rules.

K’ e

ec PB PM PS Z0 NS NM NB
PB NB NB NM NM NS NS 4o
PM NB NM NM NS NS ZO PS
PS NM NM NS Z0 Z0 PS PS
ZO NS NS ZO Z0 PS PM PM
NS NM y4e) ZO PS PS PM PB
NM NS Z0 PS PS PM PM PB
NB Z0 PS PS PM PM PB PB

S = N W A W

' ' ' ' ' '
A W AW N -

Figure 4. K’ output space surface.

In this paper, the “if—then” min—-max mamdani reasoning method of multi-inputs and
single output is used for fuzzy reasoning. The general form of such rules is as follows:

Premise 1,
If A and B, then C,
Premise 2,
Now A’ and B/,
Conclusion,
C'=(A'NnB)o[(ANB) — (]

=[A"0(A—C)|N[B'o(B—C)] (22)

where A, B, and C are the fuzzy sets; A’, B’, and C’ are corresponding inverse matrix; o is
max operation; — is the min operation; and N is the and operation.

The process of converting a fuzzy amount into an accurate quantity is called defuzzifi-
cation, and this paper uses the centroid method to solve the defuzzification operation. From
this, we can obtain the accurate quantity K’ of fuzzy logic controller, which is substituted
into the following equation:

K =Ko+ {E EC}y (23)

where K is the initial values of K, and {E, EC}g’ represents the accurate quantity after
defuzzification.

4. BLDCM Control System

To verify the validity of the proposed method, in this paper, a double closed loop
control pattern is built for a BLDCM system. In addition, the FSNNN PID algorithm is
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introduced into ASR, and the topological structure of the system is shown in Figure 5.
Among them, n* is the set reference speed value, 7 is actual speed, i* is the reference
current value output by ASR, and i is actual current. And automatic speed regulator (ACR)
needs to have fast tracking ability, and the PID controller can limit the maximum current,
so that the system has enough acceleration torque in starting and can ensure the steady
state after reaching a stable speed. Furthermore, the main function of ASR is to enhance
the system’s ability to resist load disturbance, restrain speed fluctuation, and ensure the
system’s static and dynamic tracking performance, which is directly related to the stability
and high-performance operation of BLDCM. ASR and ACR are connected in series, the
output of ASR is used as the current given signal of ACR, and the output of ACR is used
as the PWM control voltage of the drive circuit. The parameters of BLDCM are listed in

Table 2.
H, Hall A
{ 3
H,
PD )} D PWM)—S> CONVERT 2 Hal B
Controller —

ACR \

FSNNN+PID
Controller

Current
Detection

BLDCM

( Speed )
\ Detection )

Figure 5. Overall control structure of BLDCM.

Table 2. BLDCM parameters.

Parameters Symbol Value Unit
Rated voltage Un 24 Vv
Rated current In 12.5 A

Rated load N 311 mN-m

Phase resistance R 0.0715 Q

Phase inductance L 0.02825 mH

PWM frequency f 10 kHz
Pairs of poles p 1 —

The switching commutation sequence of Mosfet in Figure 5, “"CONVERT”, is shown in
Figure 6 below, specifically A+/B—, A+/C—,B+/C—, B+A—, C+/A—, and C+/B—; the red
line is the topology of current flow at a certain time. Furthermore, the Hall sensor signal
and corresponding Mosfet switching state are shown in Table 3.

Table 3. Correspondence between Hall sensors and Mosfet switch states.

Hall_ A Hall. B Hall_C A+ A— B+ B— C+ C—
1 0 1 PWM X X ON X X
0 0 1 PWM X X X X ON
0 1 1 X X PWM X X ON
0 1 0 X ON PWM X X X
1 1 0 X ON X X PWM X
1 0 0 X X X ON PWM X
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Figure 6. Logical commutation sequence of Mosfet.

In this paper, we adopted the H_PWM-L_ON modulation mode, that is, the Mosfet of
the upper bridge arm is modulated by the PWM signal, and the Mosfet of the lower bridge
arm remains constantly on. The switching state of Mosfet under the control of BLDCM
using the FSNNN PID algorithm is shown in Figure 7; it is clear from the figure that during
the on-time of Mosfet, V1, V3, and V5 are modulated by the PWM signal, and V4, V6, and
V2 remain constant.

12 . . . . 1.2 . . . . 1.2 . . . .
HI_PWM ——H2_PWM ——H3_PWM
1.0 1.0FH 1.0} E
0.8} 0.8} 0.8} E
= 06+ = 06 = 06 g
B3 = =
n-l n-l D-I
S 04f 2 04} 2 04t |
02} 02} 02} E
0.0+ 0.0 - 0.0
-0.2 n n n L 0.2 L n L L -0.2 L L L L
0.00 002 004 006 008 0.10 000 002 004 006 008 0.10 000 002 004 006 008 0.10
t/s tls 1ls
12 . . : . 12 : . : : 12 : . . .
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5. Results, Analysis, and Discussion
5.1. Frequency Domain Stability Analysis of Motor Double Closed Loop PID Control System

The transfer function of the motor is significant for performance analysis and control
system design; thus, the mathematical model of BLDCM in differential form expressed as
the transfer function after Laplace transform is

_ KylUy(s)

" LJs?+(RJ+LBy)s+(RBy+keKr)

_ (R+Ls)Ty(s)
LJs>+(RJ+LBy)s+(RBy+keKr)

Q(s) 24)

where, s is the Laplace operator, ()(s) is angular velocity after Laplace transformation, Uy is
DC bus voltage, Kt is torque coefficient, and k. is back EMF coefficient; its control system
structure is shown in Figure 8.

Q(s)

K +Ki/s+Kas | Kpo/(Tpas+1)
'
- ]
ASR ASR Filter! ACR ACR Filter PWM
Controller Controller

S 5 gUQ) #
‘Is!g). KytKis = Kp/(Tpst1) | Kews/(Townst1) U—(A?_ 1/(R+Ls) o) [ K Te(s)é V(Js+B,)
WS ) | i

(7]

BLDCM !

Figure 8. BLDCM control system transfer function structure.

The mathematical model based on the transfer function is widely used in the field of
automatic control, and stability is the key issue in control system analysis and design; thus,
it is important to analyze the stability of the motor control system in the frequency domain.
Firstly, the stability of ACR in the BLDCM control system is analyzed; Figure 9 shows the
Bode diagram in the frequency domain of the system, and it can be concluded that the
amplitude margin of the ACR closed loop system stable point is 52.5 dB and the phase
margin is 93.9°. Figure 10 shows the root trajectory of the system, in which red x represents
the poles and blue O is the zeros; it can be seen that both the poles and zeros are located on
the left half plane of imaginary axis, which proves the stability of the ACR loop. Figure 11 is
the Nyquist diagram; it can be seen that the curve does not pass through the point (-1, 0),
so the closed loop system is stable.

—ACR

System: ACR
Gain Margin (dB). 525
Atfrequency (radfs):5.1e+04
Closed loop siable? Yes

-50

magnitude/dB

-100

-150

phase/®

25F

10°
frequency/(rad/s)

Figure 9. Bode diagram of ACR control system.
Then, the frequency domain stability of the motor double closed loop control system

is analyzed. From the Bode diagram in Figure 12, it can be concluded that the amplitude
margin is 91.9 dB and phase margin is 96.4°. Furthermore, the poles and zeros in the root
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trajectory of Figure 13 are all located on the left half plane of the imaginary axis. The
Nyquist diagram in Figure 14 shows that the curve does not pass through the point (-1, 0),
which also proves the stability of the system.

)
T
|

imaginary axis/s
>

X

A N I I A A A I .
7000 -6000 -5000 -4000 -3000 -2000 -1000 0
real axis/s

Figure 10. Root trajectory of ACR control system.
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Figure 11. Nyquist diagram of ACR control system.
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Figure 12. Bode diagram of double closed-loop control system.



Mathematics 2022, 10, 118

13 0of 19

imaginary axis/s
°
T

real axis/s

Figure 13. Root trajectory of double closed-loop control system.
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Figure 14. Nyquist diagram of double closed-loop control system.

5.2. Motor Speed Step Response

Figure 15a—f shows the speed step response of BLDCM at different reference speeds
from 5000 to 7500 r/min under no-load. From the enlarged area drawn by extracting
0-0.02 s and 0.06-0.08 s data, it can be seen that the BLDCM control system adopting the
FSNNN PID algorithm has shorter rise and adjustment time, smaller steady-state error
and no overshoot, and the speed fluctuation is weaker after the speed reaches stability
compared with the traditional PID and fuzzy PID algorithms. For example, the motor
speed step response with reference speed at 7000 r/min is shown in Figure 15e. Table 4
shows the results of analysis of the performance indexes of speed step responses in the
time domain. It can be concluded that the rise time is 7.620 ms, the adjustment time is 8.890
ms, and there is almost no overshoot. Furthermore, the steady-state error only is 0.0163%,
which means that the speed is closer to the reference speed after reaching stability.

5.3. Phase Current and Back EMF

Figures 16a and 17a show the three-phase current and back EMF curves under no-load
of the BLDCM open loop control system. Figures 16b—d and 17b-d show the phase A, B,
and C current and back EMF curves under no-load with the reference speed at 7000 r/min.
It can be seen from Figure 16 that since the tube voltage drop and armature winding
resistance are generally small, the starting current will be large in a short period of time,
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which may reach several or more than 10 times the normal operating current. The current
of the motor controlled by the FSNNN PID algorithm can reach stable operation in a
faster time, compared with traditional PID and fuzzy PID algorithms. In addition, from
the enlarged area in Figure 17b—d, it also can be concluded that back EMF of the motor
controlled by the FSNNN PID algorithm can reach the steady-state at a faster speed, and
the back EMF at the width of 120° trapezoidal wave flat top is closer to the real value than

traditional PID and fuzzy PID algorithms.
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5000 t g i 1
4500 / q / 1
4000 ) q )
<3500 _ so) R o0 1
g £ so10) 5510 -
£ 3000 e g |
< H i i
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(e) ()

Figure 15. Speed step response of BLDCM at different reference speeds: (a) 5000 r/min; (b) 5500 r/min;
(c) 6000 r/min; (d) 6500 r/min; (e) 7000 r/min; (f) 7500 r/min.

Table 4. Motor speed step response of 7000 r/min under different algorithms.

Algorithm
PID Fuzzy PID FSNNN PID
Performance Index
rise time ¢, 11.945 ms 9.945 ms 7.620 ms
adjustment rise ¢ 15.895 ms 13.105 ms 8.890 ms
overshoot 0% none none none
steady-state error 0.0739% 0.0451% 0.0163%
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Figure 16. Current response curves at 7000 r/min under different algorithms. (a) Three phase current
curves of motor under no-load open loop control; (b) phase A current; (c) phase B current; (d) phase

C current.
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Figure 17. Back EMF curves at 7000 r/min under different algorithms. (a) Three-phase back EMF
curves under no-load open loop control; (b) phase A back EMF; (c) phase B back EMF; (d) phase C
back EME
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5.4. Electromagnetic Torque T, and Rotor Angle Position 6

The relationship between motor speed n and electromagnetic torque T, with constant
Uy is as follows:
30Uy — 7tken

30R

As shown in Equation (25), with a certain direct current bus voltage Uy, the speed
of the motor decreases upon increasing the electromagnetic torque. Figure 18 shows the
electromagnetic torque curve under no-load of reference speed at 7000 r/min, and Figure 19
shows the rotor angle position curve under the same working condition of double closed
loop control. It can be seen from Figure 18 that the electromagnetic torque controlled by
the FSNNN PID algorithm has a smaller response time and can reach steady-state at a
faster speed. Similarly, in the initial stage of motor starting, because motor speed does not
reach rated speed, the correlation between voltage and rotor position is poor. As shown in
Figure 19, when the speed is stable, the rotor angle position is shown in the zigzag curve.

Te = Kt (25)
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Figure 18. Electromagnetic torque Te curve.
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6. Conclusions

In this paper, a FSNNN PID algorithm is proposed and applied in ASR of a BLDCM
control system. The control effects of different algorithms are analyzed and compared
under different reference speeds, and the working state of three phase current, back EMF,
electromagnetic torque, and rotor angle position is discussed in detail. Therefore, the
following conclusions can be drawn:

(1) In the case of different reference speeds from 5000 to 7500 r/min, the step response
of motor speed shows that the FSNNN PID algorithm used in the BLDCM control system
has a shorter rise and adjustment time, smaller steady-state error, and no overshoot than
traditional PID and fuzzy PID algorithms.

(2) The stability of the motor double closed loop PID control system is verified in the
frequency domain by using Bode, Root trajectory and Nyquist diagram analysis.

(3) When the reference speed is 7000 r/min, three-phase current, back EMF, electro-
magnetic torque, and rotor angle position under control of the FSNNN PID algorithm can
reach steady-state in a short time with motor speed.
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