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Abstract. The paper proposed a complete neural solution to the direct vector
control of three-phase induction motor including real-time trained neural control-
lers for velocity, flux and torque, which permitied the speed up reaction to the
variable load. The basic equations and elements of the direct field oriented con-
trol scheme are given. The control scheme is realized by nine feedforward and
recurrent neural networks learned by Levenberg-Marquardt or real-time BP algo-
rithms with data taken by Pl-control simulations. The graphical results of model-
ling shows a better performance of the NN control system with respect to the PI
controlled system realizing the same general control scheme.

1 Introduction

The application of Neural Networks (NN) for identification and control of electrical
drives became very popular in last decade. In [1], a multilayer feedforward neural
network is applied for a DC motor drive high performance control. In [2], a recurrent
neural network is applied for identification and adaptive control of a DC motor drive
mechanical system. In the last decade a great boost is made in the area of induction
motor drive control. The induction machine of cage type is most commonly used in
adjustable speed AC drive systems [3]. The control of AC machines is considerably
more complex than that of DC machines. The complexity arises because of the vari-
able-frequency power supply, the AC signals processing, and the complex dynamics of
the AC machine [3], [4]. In the vector or Field-Oriented Control (FOC) methods, an
AC machine is controlled like a separately excited DC machine, where the active
(torque) and the reactive (field) current components are orthogonal and mutually de-
coupled so they could be controlled independently, [3]-[7]. There exist two methods
for PWM inverter current control — direct and indirect vector control, [3]. This paper
applied the direct control method, where direct AC motor measurements are used for
field orientation and control. There are several papers of NN application for AC motor
drive direct vector control. In [8] a feedforward NN is used for vector PW modulation,
resulting in a faster response. In [9] an ADALINE NN is used for cancellation of the
integration DC component during the flux estimation. In [10] a fuzzy-neural uncer-
tainty observer is integrated in a FOC system, using an estimation of the rotor time
constant. In [11] an Artificial NN is used for fast estimation of the angle used in a FOC
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system. In [12] a flux and torque robust NN observer is implemented in a FOC system.
In [13], an ADALINE-based-filter and angular-velocity-observer are used in a FOC
system. In [14], the authors proposed a NN velocity observer used in FOC high per-
formance system for an induction motor drive. In [15] a Feedforward-NN (FFNN)-
based estimator of the feedback signals is used for induction motor drive FOC system.
The paper [16] proposed two NN-based methods for FOC of induction motors. The
first one used a NN flux observer in a direct FOC. The second one used a NN for flux
and torque decoupling in an indirect FOC. The results and particular solutions obtained
in the referenced papers showed that the application of NN offers a fast and improved
alternative of the classical FOC schemes, [17]. The present paper proposed a neural
solution of a direct FOC. The system achieved adaptation to a variable load applying
real-time learned neural controllers of IM velocity, flux, and torque. In our early work,
[17]. the phase (a,b,c), the (q,d,0) model, and the coordinate transformation between
them has been completely described, so here we may skip those parts.

2 Field Orientation Conditions and Flux Estimation

The flux and torque decoupling needs to transform the stator flux, current and voltage
vectors from (a, b, c) reference frame into (g-d,s) reference frame and than to station-
ary and synchronous reference frames, [17]. In the next equations, the following nota-
tion is used: v —voltage, i-current, A-flux, r-resistance, L-inductance, w-velocity; the
sub-indices are r- rotor, s-stator, q, d- components of the (g, d, 0) model; the upper
index s means stator reference frame and e means synchronous reference frame; the
prime means relative rotor to stator value. The Fig. 1a illustrates the current and volt-
age vector representations in stator and rotor synchronous frames and also the mag-
netic field orientation, where the rotor flux vector is equal to the d-component of the
flux vector, represented in a synchronous reference frame (A*2=A,), which is aligned
with the d-component of the current in this frame. For more clarity, the current and
flux orientation in the synchronous reference frame are shown on Fig. 1b. So, the field

orientation conditions are:
e _()- e _7 — 7€
Z.q, = O,p/'lq, =0;4, =4, 1)

Taking into account that the rotor windings are shortcut, (the rotor voltage is zero),
also the given up field orientation conditions, and the (q, d, 0) model, [17], we could
write:

0="rif+(@, - ®,) A0 =rif + pAS 2)

Using the (q, d, 0) model, [17], for the q-component of the rotor flux, it is obtained:

Af=l £ AL =0 =T T it (T 1) (3)
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Using (1) and (3), the torque equation [17] could obtain the form:
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The equation (4) shows that if the flux of the rotor is maintained constant, so the torque
could be controlled by the g-component of the stator current in synchronous reference
frame. From the second equation of (2), taking into account (3) it is easy to obtain the
slipping angular velocity as:

®, -, =(r,L, | L), /1 Ay) )

The final equations (3), (4), (5) gives us the necessary basis for a direct decoupled field
oriented (vector) control of the AC motor drive, where (see Fig. 1b) the g- component
of the stator current produced torque and its d-component produced flux. Following
[17], we could write:

Ao = (1 p)(vi = ris, ); A5 = 1 p)(vi, - 1,is,) (6)
2 (B = B W 0 =~ T, ™
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Now it is easy to compute the angle needed for field orientation, the rotor flux, and the
sin, cos - functions of this angle, needed for flux control, torque estimation, and coor-
dinate transformations, which are:

A= 2+ (Ag) ssinp = A2 14 sc0s p = A2 14, ®
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Fig. 1. Vector diagrams of the stator current, voltage and the rotor flux. a) The current and volt-
age vector representations in stator and in rotor synchronous reference frames. b) The stator
current and the rotor flux vector representations in synchronous reference frame
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3 General Control Scheme and NN Realization of the IM Control

A general block diagram of the direct vector control of the Induction Motor drive is
given on Fig. 2a. The direct control scheme contains three principal blocks. They are:
G1. G2, G3 - blocks of PI controllers; block of coordinate (abc) to (g-d,s,e) transfor-
mation, [17]; block of vector estimation, performing the field orientation and the
torque, flux and angle computations (see equations (9), (10)); block of inverse (g-d,s,e)
to (a,b,c) transformation; block of the converter machine system and induction motor.
The block of the converter machine system contains a current three phase hysteresis
controller; a three phase bridge ASCI DC-AC current fed inverter; an induction motor
model; a model of the whole mechanical system driven by the IM ((2/P)J(d0,/dt)=T,,,-
T., where J is the moment of inertia, T} is the load torque). The block of vector estima-
tion performed rather complicated computations. The Fig. 2b illustrates the flux and
angle estimation for field orientation, computing (6), (8), (9). The rotor flux computa-
tions block (see Fig. 2b) performs computations given by (6), (8), illustrated by the
Fig. 2c. The rotor flux, the angle, and the sin, cos -functions computations are given by
equation (9). The torque estimation is computed by equation (10).

3.1 Neural Network Realization of the Control Scheme

The simplified block-diagram of the direct neural vector control system, given on
Fig. 2a is realized by nine FFNNs. We will describe in brief the function, the topology
and the learning of each FFNN. The main contribution here is the introduction of the
neural P/PI velocity, flux and torque controllers which are capable to adapt the control
system to load changes.

The FFNN1. The first NN1 is an angular velocity neural PI controller with two inputs
(the velocity error, and the total sum of velocity errors) and one output (the torque set
point). The weights learning is done in real — time using the Backpropagation (BP)
algorithm. The FFNN1 function is given by the following equation:

% W
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Fig. 2. Block diagrams. a) General BD of a direct IM vector control. b) BD of the vector estima-

tion computations. ¢) BD of the flux estimation computations
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T*(k) = plg,(Me,, + g, (k)e (k)] S
Where: g, and g; are proportional and integral FFNN1 weights; [ is a ranh activation
function; e, is a velocity error; T* is the torque set point — output of the FFNN1. The
integration sum of errors is:

e (k) =2 e, (k) (12)
k=0
Where n is the total number of iterations. The BP algorithm for this FFNN1 is:

g, (k+D) =g, (k) +1, (O1—(T*(®)) Je,, (k)
g (k+1)=g (k) +me, (O (T*(K)) (k)

The FFNN2.The second FFNN2 is a torque neural P controller with one input and one
output (the torque error and the stator g-current set point). The function and the real-
time BP learning of this FFNN2 are given by:

(13)

iy, (k) = #lg , (k)er (K)] e
8, (k+1) =g, (k)+ e, (k)1 (i, ()" Jer (k) @)

Where: g, is a proportional weight; 0 is a tanh activation function; er is a torque error;
0is a learning rate parameter; i, *is a current set point - output of FFNN2.

The FFNN3. The third FFNN3 is a flux neural PI controller with two inputs and one
output (the flux error and its sum, and the stator d-current set point). The function and
the real-time BP learning of this NN3 are given by:

i (k)= glg, (kK)ej, + g,(K)e (k)] ae)
8,(k+1)=g,(k)+77e, ()1~ (E5 (%)) Je ()

& (k+1)=g (k)+72,, (O~ (0) I ()

Where: g, and g; are proportional and integral FFNN3 weights; 0 is a tanh activation

function; ep,, is a flux error; 0 is a learning rate parameter; iz * is a current set point -
output of FFNN3. The integration sum of errors during n iterations is:

€ () = X €7, (k) (18)
k=0

a7

The FFNN4. The fourth FFNN4 is a torque off-line trained neural estimator (realizing
(10) equation computation) which has two inputs and one output (the rotor flux, the
stator g-current, and the estimated torque). The topology of this FFNN4 is (2-10-1).

The FFNNS. The fifth FFNN5 performed a stator current (a,b,c) to (g-d,s,e) transfor-
mation, [17]. The FFNNS5 topology has five inputs (three i

as? Ibs s Ic.r

— stator currents) and two hidden layers of 30 and 20

—stator currents;
sinll, cosfl), two outputs (i;,i;
neurons each (5-30-20-2).
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The FFNNG6. The sixth FFNN6 performed an inverse stator current (g-d,s,e) to (a,b,c)
transformation using the transpose of the transformation matrix, [17]. The FFNN6
topology is (4-30-10-3) (four inputs -two i,,,ig —stator currents; sinl, cosl; three out-

puts-; — stator currents; two hidden layers of 30 and 10 neurons).

as? Ib: ”
The FFNN7. The seventh FFNN7 performed rotor flux estimation using equation (9).
The rotor (g-d,r) flux components Z;s,)l; are previously computed using equation (6)

(see Fig. 2c), and they are inputs of FFNN7. The other two inputs are the stator cur-
rents: Iqs, . The FFNN7 output is the rotor flux: /1 The NN7 topology is (4-30-
10-1).

The FFNN8 and FFNN9. The FFNNS8, and FFNN9 are similar to FFNN7 and per-
formed separately the q and d rotor flux components estimation using equations (8).
The FFNN8, FFNNO topologies are: (2-10-5-2). The values of sinl, cosl, (9), needed
for the coordinate transformations are obtained dividing the outputs of NN8, NN9 by
the output of NN7.

All the FFNN4-9 are learned by 2500 input-output patterns (half period) and gener-
alized by another 2500 ones (the other half period). The FFNN4-9 learning is off-line,
applying the Levenberg-Marquardt algorithm [18], [19] during 61, 29, 32, 35, 47 and
49 epochs of learning, respectively. The final value of the MSE reached during the
learning is of 10" for all the FFNN4-9.

4 Graphical Results of the Control System Modeling

The parameters of the IM used in the control system modelling are: power- 20Hp;
nominal velocity — N = 1800 Rev.pm; pole number P = 4; voltage- 220 volts; nominal
current — 75 A; phase number 3; nominal frequency 60 Hz; stator resistance r,= 0.1062
Ohms; rotor resistance referenced to stator »,’= 0.0764 Ohms; stator inductance L, =
0.5689. 10 Henry; rotor inductance referenced to stator L,” = 0.5689. 10 Henry,
magnetizing inductance L,, = 15.4749. 10" Henry; moment of inertia J = 2.8 kg.m’.
The control system modeling is done changing the load torque in different moment of
time. The Fig. 3a, b showed the angular velocity set point vs. the IM angular velocity
in the general case of velocity control and particularly with load torque changes (PI
and NN control). The results show that the angular velocity control system has a fast
speed up response and satisfactory behaviour in the case of load change. The Fig. 4 a,
b showed the flux graphics of control system with hysteresis control applying the PI
control scheme and NNs. The results show a faster and better response of the neural
system which tried to maintain the flux constant in the case of load changes. The Fig. 5
a, b; Fig. 6 a, b; Fig. 7 a, b, ¢, d show the torque and current graphics with hysteresis
control in the same cases and load changes.
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Fig. 3. Graphical results of the IM velocity control. a) General graphics of the angular velocit

control; b) Graphical results of angular velocity control with load changes
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Fig. 4. Graphical results of the IM flux control. a) Graphics of the flux classical control vs. flux

neural control; b) Graphics of both (classical vs. NN) flux control with load changes
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Fig. 5. Graphics of the torque control with load changes. a) Graphics of the torque classical and
neural control; b) Graphics of both torque control (PI control vs. neural control) in the IM start




190 1. S. Baruch, C. R. Mariaca-Gaspar, and I. P. de la Cruz

.

NERINTY)

!
RPN

O I T e z
. Se

et e gt

I\~

I e ]

[ KPR

MEEPEEE

. |

7 ©n cs 3 o ) g 3

a) b)

Fig. 6. Detailed graphics of the torque control using both control schemes and load changes. a)
Processes from 0.7 sec. to 1.1 sec; b) Processes from 1.2 sec. to 1.6 sec
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Fig. 7. Graphical results of (a,b,c) stator currents during neural control and load changes for
periods of time of (0.7-1.2 sec.) and (1.2-1.7 sec.). a), ¢) Current set points; b), d) Currents

The Fig. 7 a, b, c, d shows the (a,b,c) stator currents set points and the stator cur-
rents of hysteresis controlled system using neural control schemes in load changes
conditions for different time intervals. The Fig. 8 a, b shows the same stator current set
points and currents during the start of the IM. The results show a good performance of
the neural control system at all.
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Fig. 8. Graphical Results of (a,b,c) Stator Currents During the Start of the IM. a) Current Set
Points; b) Currents

5 Conclusions

The paper proposed a complete neural solution to the direct vector control of three
phase induction motor including real-time trained neural controllers for velocity, flux
and torque, which permitted the speed up reaction to the variable load. The basic equa-
tions and elements of the direct FOC scheme are given. The control scheme is realized
by nine feedforward neural networks learned with data taken by Pl-control simula-
tions. The NN PI or P adaptive neural controllers are learned on-line using the BP
algorithm. The complementary blocks which realized coordinate and computational
operations are learned off-line using the Levenberg-Marquardt algorithm with a 10™'°
set up error precision. The graphical results of modelling shows a better performance
of the adaptive NN control system with respect to the PI controlled system realizing
the same computational control scheme with variable load.
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