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Permanent magnet synchronous motor (PMSM) speed control is generally
done using field oriented control, which uses conventional proportional-
integral (PI) current regulators, but still remain the problem of calculating the
coefficients of these regulators, particularly in the case of control
hybridization, the development of artificial intelligence has simplified many
calculations while giving more accurate, and improved results, this paper
presents and compares the performance of the flux oriented control (FOC) of
a PMSM powered by pulse width modulation (PWM) using PI regulator,
fuzzy logic control (FLC) and adaptive neuro-fuzzy inference system
(ANFIS), in this work we present another approach of a neuro ANFIS using
the hybrid combination of fuzzy logic and neural networks. This ANFIS is a
very powerful tool and can be applied to various engineering problems. To
make up for the deficiency of fuzzy logic controller. To understand the
performance, characteristics, and influence of each controller on the system

Permanent magnet synchronous response, we use MATLAB/Simulink to model a PMSM (0.5 kW) powered
motor by a three-phase inverter and controlled by the FOC, FOC-FLC, and FOC-
ANFIS.

This is an open access article under the CC BY-SA license.

Corresponding Author:

[NoIe

Department of Electrical Engineering, Constantine Polytechnic Electrical Engineering Laboratory
(LGEPC), National Polytechnic School of Constantine (ENPC)

BP 75, A, Nouvelle ville RP, Constantine, Algeria

Email: djelamdaimene@gmail.com

1. INTRODUCTION

Proportional integral derivative (PID) controllers meet more than 90% of industrial needs and the
number of controllers installed in industries and vehicles. Unfortunately, despite the experience gained over
the years, the values are chosen for the parameters P, I, and D are not always satisfactory, nor adapted to the
process to be regulated, especially in the case of the hybridization of commands [1]. At the beginning of the
1990s and to provide simple but more efficient adjustment rules than those of Ziegler-Nichols [2], Astrém and
his collaborators analyzed the dynamic behavior of a large number of processes. This analysis led to the
establishment of tables used to calculate the parameters P, I, and D from simple measurements [3]-[7].

Because of its simple structures, high efficiency, low inertia and high power density, permanent
magnet synchronous motor (PMSM) is implemented as variable speed drives in automotive and aircraft
industries [4]. The non-linear coupling between its winding current and the rotor speed [5] complicates
motorization design. The principle of the vector control for the PMSM, is to make a decoupling between the
different state variables to make the system linear, and requires several Pl-type regulators in the decoupling
phase, the classic regulators Pl always give better results for a speed adjustment but the major disadvantage of
its regulators remain the sensitivity for the changes of the parameters of the machine [6].
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The principle of a Pl regulator is to provide a control signal u(t) taking into account the evolution of
the output signal y(t) for the setpoint w(t) [8] and eliminates the static error using the integrator term [1]. In the
literature, [9]-[12] one can find many different approaches related the tuning of PI controllers including the
tuning rules in [8] and the manual tuning method explained in [13]. Fuzzy logic was proposed and introduced
by Zadeh [14] to model natural language and to account for the vagueness of the knowledge that we humans
manipulate daily through the notion of fuzzy sets or fuzzy subsets; thus, generalizing the algebra of classical
set theory. Arriving on the industrial market in the mid-1980s, artificial neural networks have greatly benefited
from the computing capacities offered by modern computers. Development environments have emerged,
allowing engineers to develop full-scale applications [15].

An adaptive neuro-fuzzy inference system or adaptive network-based fuzzy inference system
(ANFIS) is a kind of artificial neural network that is based on Takagi—Sugeno fuzzy inference system. The
technique was developed in the early 1990s [16]. Since it integrates both neural networks and fuzzy logic
principles, it has potential to capture the benefits of both in a single framework. Its inference system
corresponds to a set of fuzzy IF-THEN rules that have learning capability to approximate nonlinear functions
[17], [18]. Hence, ANFIS is considered to be a universal estimator. In the literature, one can find many different
approaches related to the control of PMSM speed; some of the techniques offered include fuzzy control, neural
networks, and genetic algorithms, but note the absence of ANFIS in these works despite the importance the
simplicity and the improvement in the response of the PMSM especially in the field of electric vehicles.

To overcome such problems, there have been considerable research efforts to integrate fuzzy logic
control (FLC) and artificial neural networks (ANNSs) for developing what is known as adaptative neuro-fuzzy
inference systems. The fusion of the two approaches, which can enlarge their individual strengths and
overcome their drawbacks, will produce a powerful representation of flexibility and numerical processing
capability. We have proposed in this article the application of a hybrid approach combining neural and fuzzy
technologies called ANFIS. For the organization of this paper, we started with section 1 the modeling of PMSM
and the section 2 we explain the principle of the flux oriented control-proportional-integral (FOC-PI), FOC-
FLC, FOC-ANFIS used and in the last part (results and discussion) we make a comparison between the three
controllers to validate the robustness of the ANFIS and optimize the error found with Pl and FLC and eliminate
harmonics in torque, current, and decrease response time.

2. METHOD
2.1. Mathematical model of PMSM

Figure 1 presents an equivalent circuit of PMSM in the d-q axis. The stator voltage equation in the
d-q reference. The dq modeling approach is chosen to derive the mathematical model of the PMSM under
study [17].

Vaa = Ryl 52 — wig 1)
Vig = Rylg 22 — ol @)
Ag = Lalg + A @)
Aq = Lyl 4)
Ty = % Np. (nly) (5)

Where: Vg, Vgq : the stator voltage (d-q reference)
lg, lq: the currents in the d-q frame
o : the electrical rotor speed,
Ad, Aq: the flux linkage
Tem: the electromagnetic torque
Np: the number of pole pairs
Rs: the stator resistances

2.2. FOC strategy

Classical FOC control structure Figure 2 is used to achieve higher dynamic performance in PMSM
control. The basic idea of FOC method is to use suitable coordinate system to realize independent torque and
flux control. Where the external loop is intended for controlling the speed of the rotor, and the internal loop is
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intended for controlling the currents Iq and 14[18] the rotor flux can be controlled by the real part of the stator
current lsg. By applying the corresponding coordinate transformation and forcing I4to be zero. It is possible to
conclude from (6) and (7) that the vector of current of the stator Is can be divided into two components in the
rotational coordinate system and on the basis of the position of the flux of the rotors 0s, the component
producing the flux Isg with a constant time t and the component producing the couple Isq [19].

Figure 1. PMSM dg-axis equivalent circuit

Power supply

+
The Clarke Inverse Transform

Inverter

Wr
Park's transform
hall sensor
Figure 2. Field oriented control block diagram
A, =—tm (6)
d = ¢ Np+1 @
3L
Tom = Ef.Np./ld.lq )
Ly

where: 1, = o

r

Lm: the mutual inductances
R: :the rotor resistances

2.3. FLC strategy

The fuzzy control has the same purpose as a control carried out in classic automatic, that is to say the
automatic management of a process, according to a given instruction, and by action on the variables which
describe the process [18]. The fuzzy logic controller is an algorithm for converting a linguistic control strategy
based on human expertise into an automatic control strategy described by a set of fuzzy control rules of the
type. The design of the FLC goes through four main distinct stages, as shown in Figure 3.
—  Fuzzification: in this part we have chosen the form of the membership functions for each input variable

(triangular and trapezoidal).

— Inference: each of the two language inputs of the fuzzy controller has n fuzzy sets, resulting in a set of n rules
— Rule data base: a fuzzy rule is a statement of the following form: IF x is A THEN y is B
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—  Defuzzification: the inference system provides fuzzy output by evaluating rules following one or more
real inputs [19], [20].

Ry:if xisA;and yis By So Z is C;
Ry:if xis A, and y is B, So Z is C,

Ry:if xis A,and yis B, So Z is C,

Input Output

p fmg;in:e . :>

VoRecHIznIeq

" Rule
Database

Figure 3. Block diagram of fuzzy logic controller

2.4. Adaptive neuro-fuzzy inference system strategy

Neural networks based on the definition of a fuzzy controller and its parts, and referring to Sugeno
approach in the inference mechanism, [21] ANFIS is used as a fuzzy neural network which is equivalent to
Sugeno fuzzy logic model. First-order Sugeno fuzzy model which has two input X, y, and an output z is
analyzed to figure out the fuzzy inference system in ANFIS. 100 rules which are commonly used in rule sets
are shown in for first order Sugeno fuzzy model. The NFLC is trained to refine its parameters adaptively using
the error backpropagation learning algorithm (EBP) [22], [23].

To select the network architecture, it is required to determine the numbers of inputs, outputs, hidden
layers, and nodes in the hidden layers; this is usually done by trial and error [24] Therefore, one hidden layer,
with six nodes, was adopted as one of the best suitable topologies for neural networks [25], [26]. The ANFIS
network uses, on the one hand, a fuzzy coalescence algorithm on the data set to partition the input space. It also
uses a backpropagation learning algorithm to simplify conclusions and eliminate irrelevant input variables [27].
Figure 4 depicts Sugeno's fuzzy model's core inference principle. Sugeno's fuzzy model has an ANFIS
counterpart, which is depicted in Figure 5. The principle of the ANFIS algorithm is as shown in: in the case of
2 linguistic input variables x and y and an output f, and the rule base contains n-type rules, the ANFIS algorithm
is ;i) if x is Al and y is B1 with i=1:n then Z1=p1x+qly+rl, ii) x and y are the input variables, iii) Al, B1
fuzzy sets, iv) f: the output of all defuzzification neurons, and v) pl, g1, and rl are parameters of the
consequence of rule i determined during the learning process [28].

Layer1 Layer 2 Layer 3 Layer 4 Layer§

Figure 4. The architecture of the ANFIS strategy [29] Figure 5. Identification test bench

Layer 1: contains as many neurons as there are fuzzy subsets in the inference system represented. Each neuron
calculates the degree of truth of a particular fuzzy subset by its transfer function [20], [30].

Field-oriented control based on adaptive neuro-fuzzy inference system for PMSM ... (Imene Djelamda)



1896 O ISSN: 2302-9285

0} = g, (x),i=1,..,n 8)
0f = pp,_,,, ), i=n+1,..,i 9

Layer 2: generates the degree of activation of a rule [28].
0f =w; = pa(pp; ) i 1,...n (10)

Layer 3: normalizes the degree of rule activation. Each neuron in this layer is a circle neuron denoted N. The
ith neuron calculates the ratio between the ith rule weights and the sum of all the rule weights. This operation
is called weight normalization.

OP=w=w=—2_i=1,..n (11)

wq+wy

Layer 4: this layer’s i the node output is a linear function of the third layer’s i the node output and the ANFIS
input signals.

014 = VT/iZi = V_Vi(pl-x + q;y + Ti) i = 1, el (12)

Layer 5: is represented by a single node at which the sum of the signals coming from layer 4 is carried out [31].

W1Zg++WnzZn

P =YWz = (13)

Wi+ twy

3. SIMULATIONS AND DISCUSSION
3.1. FOC of the PMSM with PI controller

In this part and before studying the machine used, we used the test bench to identify the parameters
of the PMSM Figure 3 [25]. Figure 6 shows the simulation results of the PMSM with a voltage inverter without
control. The purpose of this simulation is to validate the adopted model of the machine, and to analyze the
behavior when the PMSM is powered through the voltage inverter.

The PMSM in the transient state, the speed of rotation reaches the nominal value 1,000 rpm in a
response time of approximately (0.2 s). The maximum torque on starting takes peaks then stabilizes at zero
because there is no load, which leads to a high current inrush. Using MATLAB/Simulink to model and simulate
the performance of the proposed FOC technigque with PI for PMSM and their parameters which are presented
in Table 1 in the simulation the PI controller gains were set to Kp=2.22 and Ki=280.
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Figure 6. Performance of PMSM powered by an inverter
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Figure 7 presents the FOC results, from the response of the speed of the PMSM we notice that the
FOC requires a longer stabilization time up to (1.5 ms), then it follows the reference speed Wref= 510 rpm, the
torque of the machine reaches the maximum value almost 21 N.m then is canceled because of the resistive
torque is zero with the presence of harmonics and ripple in the response caused by the opening and closing of
the inverter switches. The stator current has a sinusoidal form with the presence of the strong oscillations.
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Figure 7. Simulation results of FOC-PI controller for PMSM

Table 1. PMSM parameters [16]

Parameter Symbol Value
Nominal power Pn 513.12 W
Nominal torque Ta 4.9 N.m
Nominal speed Nn 1000 tr/min
Maximum speed Nmax 3000 tr/min
Stator resistance Rs 22Q
Direct axis inductance La 12.65 mH
Quadrature axis inductance Lq 12.65 mH
Magnets flux Dyy 0.27 Wb
Number of poles 2p 6 poles
Moment of inertia ] 0.000715 Kg.m?
Coefficient of friction f 0.001489 N.m.s/rad
Supply voltage Va 124

3.2. FOC of the PMSM with FLC controller

In the second step we compare the three commands to have the performance of each controller FOC-FLC
and FOC-ANFIS. Figure 8 present the response of the FOC-FLC controller for the PMSM, our model is simulated
with a reference speed equal to 510 rpm and the torque reference fixed at 0 Nm (no load). The idea of this article is
based on a simple modification with important results in the decoupling block of the FOC which generates the
reference voltages Vareg and Vgeg. With a speed regulation loop, which makes it possible to generate the current
reference lq. From the desired quantities We will adjust the stator currents by a Pl regulator, with Vg is the voltage
at the current regulator output Id and Vg is the voltage at the current regulator output 1. We will replace the PI
regulators with a fuzzy logic controller shows in Figure 8. The fuzzy labels in Table 2: negative big (NG), negative
medium (NM), negative small (NS), zero (Z2), positive small (PS), positive medium (PM), and positive big (PG) and
we used membership functions of triangular type, as shown in Figure 9.

According to the Figure 10 we notice the reduction of the torque and current ripples by using the FOC-
FLC with a good dynamic and static response of speed, with a transient regime faster than that of the classic
FOC-PI. It follows the steady-state reference with less oscillation and the torque perfectly follows its steady-
state reference.
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Figure 8. FOC-FLC block diagram

Table 2. Seven classes command rules table for controlling the speed
h fv N6 NMONP Z PP OPM PG

W

NG NP NP NP NP NM NG Z

NM NG NG NG NM NP Z PP

NP NG NG NM NP Z PP PM

z NP NM NG Z PP PM PG

PP NM NP Z PP PM PG PG

PM NP Z PP PM PG PG PG

PG Z PP PM PG PG PG PG

NG MR NS Z Ps PM PG

05

Figure 9. Membership functions type of input and output variables
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Figure 10. Simulation results of FOC-FLC controller for PMSM
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3.3. FOC of the PMSM with ANFIS controller

We will replace the PI regulators with a ANFIS shows in Figure 11, the characteristics of ANFIS used
are represented in the Table 3. When compared to previous results (conventional FOC and FOC-FLC) with
FOC-ANFIS in Figure 12 show that a very fast torque response with a significant reduction in ripples makes it
possible to have a speed response that is very fast and without overshoot, without any static error, and without
vibration at the machine level. To confirm the simulation results, we made a comparison between the THD of
the three controllers as shown in the Table 4 to show the influence of each controller and see the importance
of FOC-ANFIS compared to FOC-PI and FOC-FLC.

Power supply

The Clarke Inverse Transtorm N

" ll,# —

Wear

Wr T ANFIS

Park’s transform

hall sensor

Figure 11. FOC-ANFIS block diagram
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Figure 12. Simulation results of FOC-ANFIS controller for PMSM

Table 3. Summary of ANFIS technique

Object model Inventory level
Type Sugeno Sugeno
Input Membership function type trimf
Number of input membership functions 10
Logical operations AND
Output membership function type linear
Network type Feed-forward backpropagation
Number of rules 10
Training error goal 0
Performance function MSE
Input neuron 1
Output neuron 1
Maximum epochs (cycles) set 100
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Table 4. The harmonic distortion rates
THD (%) Parameter FOC (Pl) FOC (FLC) FOC (ANFIS)

lg 9.29 7.49 4.75
lg 4411 35.69 33.45
la 6.68 3.72 1.37
lp 4.70 7.94 1.18
I 5.54 4.06 1.09
Tem 44.11 35.69 33.45

4. CONCLUSION

In this work we present a comparison between different advanced approaches in the control of
permanent magnet synchronous machines FOC-PI, FOC-FLC, and FOC-ANFIS according to the results
obtained from the integration of FLCs and ANNSs to develop control adaptive neuro-fuzzy inference system.
This article presents a continuity and improvement of another work. we wasted a lot of time adjusting the
coefficients of the fuzzy controller with the parameters of the PI regulator, because the fuzzy controller logic
is one of the controllers does not require a precise model of the system to be controlled. With research i tested
the FOC when i replaced the PI regulators with the FLC and ANFIS and we found good results as you have
seen in the performance compared to the traditional FOC of PMSM which creates more ripples, from the
obtained results and the THD we confirmed that the neural networks filter out the noise, this approach well
suited for detecting and diagnosing faults online with stability. This point and very interesting in our application
especially in the field of electric vehicles, these harmonics are leakage currents which pose major problems,
especially when talking about electromagnetic compatibility in the traction chain which is one of the current
problems major in electric vehicles.
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