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Direct Self Control of Induction Motor Based on
Neural Network

K. L. Shi, T. F. ChanMember IEEEY. K. Wong, Senior Member, IEEEand S. L. Ho

Abstract—This paper presents an artificial-neural-net- R
work-based direct-self-control (ANN-DSC) scheme for an input ANN output input k output
inverter-fed three-phase induction motor. In order to cope with > ‘5\67 > \9 P
the complex calculations required in direct self control (DSC), > W
the proposed artificial-neural-network (ANN) system employs \ target
the individual training strategy with fixed-weight and supervised ANN
models. A computer simulation program is developed using w and @ are pre-computed
Matlab/Simulink together with the Neural Network Toolbox. from mathematical model
The simulated results obtained demonstrate the feasibility of
ANN-DSC. Compared with the classical digital-signal-pro-
cessor-based DSC, the proposed ANN-based scheme incurs much @) (b)
shorter execution times and, hence, the errors caused by control fig 1. Neural networks using different training algorithms. (a) Fixed-weight
time delays are minimized. network. (b) Supervised network.

Index Terms—Direct self control, induction motor drive,

Matlab/Simulink, neural networks. scheme, however, DSC has a steady-state control error caused

by the time delays required for the lengthy computations, the

I. INTRODUCTION actual values depending largely on the control algorithm and

. . : ... hardware performance [6]. As a result, an upper limit has to be
HE neural network is well known for its learning ability . e .

imposed on the switching frequency of the inverter-fed motor

and approximation to any arbitrary continuous functior] . : .

: . . rive. Present-day power electronic devices, on the other hand,

[1]. Recently, it has been proposed in the literature that neural o i

. . e are capable of very fast switching operations. In order to fully

networks can be applied to parameter identification and state es-, " . )

L . . - exploit the advantages of these devices, the control time delays

timation of induction motor control systems [2]. However, artif- S o
need to be minimized. The neural network, with its simple

ical-neural-network (ANN) vector control of induction motors_ ™ - . . .
: : : rchitecture and inherent parallel computation capability, offers
is seldom reported. One of the reasons is the complexity of the L . o .
a promising alternative to realization of a high-performance
controller. ;
. . . DSC drive. In the future, the neural-network controller may
Direct self control (DSC) [4], [5] is a dynamic, recurrent . S e o
; . | : be implemented by application-specific integrated-circuit
and nonlinear signal-processing method that theoretically ¢ : : .
IC) chips. The electrically trainable analog neural network

give an inverter-fed thre(_a—phase mdgchon motor an excelle ANN) chip (Intel 80 170NX) had a performance adequate
performance [3]-[5]. Since complicated -calculations a . N X
Or drive applications, taking only 8s to process through each

involved, it is difficult to implement DSC using common . : .
: - : layer [7]. This chip may serve as a benchmark for comparison
integrated-circuit (IC) hardware. In the classical DSC system; . .
. ) . . purpose as modern neural devices are likely to have comparable
the control algorithms are realized by serial computation on'a,". .
or higher processing speeds.

digital-signal-processor (DSP) board. As a predictive contro This paper presents an ANN algorithm that can be used in

place of the DSP serial calculations in a DSC system. Following
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Fig. 2. Construction of the DSC system in Matlab/Simulink window.

function, wherew; stands for the weight matrix; for the input where

vector, and; for the bias or threshold. Mathematically, E,, squared error of the output layer;
" I dimension of the output vector;
m .
w;(w;, ) = Wil + 6; (1) Yy actual output vector;
i(ui- o) ; v t™  corresponding desired output vector.

) ) _ ) The weights are changed to reduce the cost fundiioma min-
wherej is the dimension of input. imum value by the gradient descent method.
The net value as expressed by the basis functign;, ) The best initial weights and biases for back-propagation net-
will be immediately transformed by an activation function ofygrks are created at random utilizing the minimum and max-

the neuron. Thus, imum values of each input. Thah weight-update equation of
the<th neuron is given as
vi = f(u) @ g
wherey; is the net output andl(.) is the activation function. wi(t+ 1) = wi;(t) +7 < OLm ) (5)
The memory of a neural network lies in weights and biases. Swij(t)

The neural networks can be classified, in terms of how ﬂ\Wnere
weights and biases are obtained, into three categories [8]. The
are: 1) fixed-weight; 2) unsupervised; and 3) supervised net—wij(t +1) new weight;

works. In this paper, the fixed-weight networks and supervisedw (1) old weight
(] .

networks are used. The constructions of the two networks arerq training strategies may be divided as mutual (whole)
shown in Fig. 1. The training data consist of pairs of input ang,  jn gy igyal (local) [8]. In mutual training, the training of

tar_?ﬁt prﬁduced t_)y.thefDﬁC ?atgemgtir(]:al modell; is th haII the weights is influenced by all the input/output values. In
e characteristic of the fixed-weight network is that thig, ;g5 training, the training of an individual subnet will

We.|g.hts and b|ase.s are precomputed anq p're-stored fr Bt be influenced by the inputs and outputs of other subnets.
tralrlln_g data. The f|xed-w?|ght network, Wh'Ch is also calle ure mutual training is almost impossible for DSC due to three
the d|rect_de5|gn method,” can be used t_o |mplement an_ex?gtolsons. Firstly, the direct self controller is a dynamic (there
mathematical model. In same cases, its implementation dre integrators), recurrent (there are hysteresis comparators),

eaIS|etLthan the _su%erwts\;d llze;[;/]vork.. ht d bi dand nonlinear system. Secondly, the eight input variables
h the supervised network, the weignts and biases are a o Vos Ve, ia, 15, i, T*, |A*|) constitute a huge training set.

tively trained by a leaming mechanism, which has been t irdly, it may take substantially more iterations to reach a

mainstream of neural model development. The back-propa%%]tual agreement between all the nodes. For simpler and faster

tion learning rule [8] is used to design the supervised networks ... the individual trainina strateav is adopted in thi
for the DSC, details of which are presented below. sign, the indviduattraining strategy 1s adopted In this paper.

It is convenient to regard the threshdds an extra weight,
i.e.,0 = wy41 [8]. The net value given by (1) can be rewritten

learning rate;

I1l. NEURAL-NETWORK-BASED DSC

as A DSC scheme consists typically of 3/2 transformations
l of current and voltage, flux estimation, torque calculation,
’ flux angle encoder, flux magnitude computation, hysteresis
wi(w;, ) = w2, = Wi Z 3 . > .
( ) ; 7 ®) comparator, and optimum switching table. Fig. 2 shows a DSC

system in the Matlab/Simulink window, which consists of a
whereW; = [w;1 wia - win 0;] @andZ = [z1 z2 -+ z, 1]¥.  DSC controller, an inverter, and an induction motor [9].

The sum squared errdr (cost function) for the set ofi/ Based on DSC principle, the neural-network controller is di-
patterns of input is given by [2] vided into the following five sub-nets, which are individually
| M VT traln)etfjlz o ] ( et with 0 _
E="= E,=1 £ _ 4 1) flux estimation sub-net (supervised) with dynamic neu-
22; 2232:3 o @ o,
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Fig. 3. Dynamic linear net for flux estimation.

Fig. 4. Neural network for torque calculation.

2) torque calculation sub-net (fixed weight) with square neu-
rons; B. Torque Calculation Sub-Net

3) flux angle encoder and magnitude calculation sub-net (S”'The torque equation for a DSC system is given by
pervised and fixed weight) with logsig neurons and tansig
neurons; P2 . .

4) hysteresis comparator sub-net (fixed weight) with recur- r= 53 (Adsigs = Agsias) (8)
rent neurons;

5) optimum switching table sub-net (supervised) with harghereZ” is the number of motor poles.
limit neurons. Since there are four inputs, i.84., Ags, t4s, andi,,, the data

of all training patterns will be huge if high precision is required.
To avoid the training difficulties, the fixed-weight method is
adopted. Equation (8) may be rewritten as a sum of square func-
The flux estimation may be expressed as [5], [9] tions

A. Flux Estimation Sub-Net

P ) ) . .
1 1 T= 6 |:()‘ds + 'LqS)Q_()‘qS + 'LdS)Q_)‘Zs + )‘(215 + 135 - 1(215:|
)\ds = (‘/a - Rsia) - 5 (% - Rsib) - 5 (‘/c - Rsic) (6)

9)
; 3 3
o =2 (V= Ry = 2 (V- R (7) where
whereV,, V;, V. are phase voltages angd ¢, i. are phase cur- ids 1 -1/2 -1/2 Z,a
. : — i
rents, which are obtained from the voltage and current sensors. oo 0 V32 —v3/2 b

Neuron models can be divided into two basic types: namely,
static and dynamic. A dynamic neuron is one whose output is
described by a differential equation [10]. Hence, the flux esti- A two-layer fixed-weight neural network is used to imple-
mation sub-net should be constructed by the two dynamic néient (9) directly, as shown in Fig. 4. The first layer is a square
rons that consist of linear neurons and integrators. A supervigtgivation function with the weight and bias, and6,, while

method yviz. the back-propagation learning rule, is used to traf® Second layer is a linear active function with the weight and
the linear neurons until they can approximate (6) and (7).  Piasw, andé, as follows:

Fig. 3 shows the flux estimation network. Using a random - q
generator function of Matlab, ten random inputs of the vector 100 V32 —V3/2
[Va, Vi, Ve, ta, 15, ic] are produced. Using these random in- 01 1 -1/2 -1/2
puts, the target outputs can be obtained from (6) and (7). Since 1 0 0 0 0
the network is linear, convergence can be obtained in relatively wy = 01 0 0 0
few training epochs. For the induction motor being studied, the
weights and biases have been obtained, as shown in the equa- 001 -1/2 -1/2
tions at the bottom of this page. (0 0 0 \/3/2 _\/3/2_

[ 0.5725 —0.2910 0.7790 —-0.3740 -0.7496 —-0.0172

w =
—0.3899  1.3073 —0.2469  0.4546 —0.7029  0.4575
, [—0.2029}
| —0.2836
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net 4 net5 Fig. 6. Implementation of the flux magnitude calculation.

Fig. 5. Individual training scheme for flux angle and magnitude calculatiorthie supervised method. The output layers of net 1-net 4 will be
in Matlab window. merged with the input layers of their next sub-nets according
to the rule shown in Fig. 14. Hence, weights and biases of the
output layers of these nets have not been listed hereinafter.
Design of net 1 is similar to that used for the torque calcula-
tion sub-net described in Section 11I-B. Weightand biagy of
net 1 with two square neurons can be directly designed as fol-
lows according to (13):

0, =

o o o o o ©

= [1 7] oty = [
e = € = .
wi 0 1 I 0
wp=[1 -1 -1 1 1 -1] The back-propagation learning rule is used to train net 2.
62 =[0]. Five-hundred input/output pairs for training net 2 are produced
by the square root function. After 50 000 training epochs, the

sum-squared erraF is less than 0.01. Weight and bias? of
C. Flux Angle Encoder and Flux Magnitude Calculation net 2 with tansig neurons is as follows:

Sub-Net

The flux anglex and flux magnitudg can be calculated from —0.1781 —0.1781 1.5851
i - 2.5008 2.5008 6.0920
the flux space vectors,, ant.nl)\qs. The flux angle is then en w(net 2) = O(net 2) =
coded asB; B> B3 as follows: —2.9325 —2.9325 —6.2367
0.5233 0.5233 0.3963
=A%+, (10)
Fig. 6 shows the implementation of the flux magnitude cal-
a = tan"! (Ags/Ags) (11) culation using net 1 and net 2.
By By Bs —encoder (a). (12) The back-propagation learning rule is used to train net 3 until

they can approximate the reciprocal function. One-thousand
In order to obtain more accurate results and to simplify trir%;l;t/ggipg t R?tZ‘:’ i\(r)ec:) g(r)%d?r(;?:inby éhicrﬁglptrhogaslufrl:_]g“ggrtez
design, (10)—(12) are rewritten as ) 9 ep k q

error £ is less than 0.02

U= [ A2, ng} (13) —31.6560 —0.7218
2.8829 —0.0022
1 w(net 3) = H(net 3) =
f=4lvx [ } (14) 14.8182 0.0207
1 47.8563 0.7360
=1/Ags 15 . . .
§=1/ (15) With three square neurons, net 4 implements (16) using the
C=Ags X & = [()\ds P22, - 52} /2 (16) Ssame technique described in Section I11-B as follows:
By B> B3 =encoder (¢). 17) /2 172 0
w(netd)=|-1/2 0 f(net4) =| 0
The network of flux angle encoder and flux magnitude calcu- 0 ~1/2 0

lation consists of five nets, as shownin Fig. 5, i.e., net 1 with two

square neurons implements (13), net 2 with four tansig neurondNet 5 implements the flux angle encoding directly from
implements (14), net 3 with four logsig neurons, net 4 with threk,, /A, (output of net 4) \4,, and . To improve the algo-
square neurons, and net 5 with ten hard limit neurons implemeitthm, the trigonometric function computations of flux angle,
(15)—(17), respectively. Net 1, net 4, and net 5 are designed usivigich are necessary in previous DSC schemes, are replaced
the fixed-weight method. Net 2 and net 3 are designed usihyg logic operations. With reference to Fig. 7, the flux angle
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Fig. 8. Flux angle encoder (net 5) with hard limit neurons.

Flux [\ Flux error
code (B; B2 B3) can be directly derived from the following wx code B;
equations: comri]al:::l ¥ Hard limit activation
function neuron [0 1]
1, Ags =0
0, otherwise Fig. 11. Flux hysteresis comparator.
1, (Ags/Ads = —tanw/3 and Ay, <0)
The flux error codeBg can be expressed as
B; = or (Ags/Aus <—tanw/3 andA,, <0) (19)
0,  otherwise 0, if [A[<|A" +AA|andBs =0
orif |A| < |A|* — A|A| andBg =1
1, (Ags/Ads <tanw/3 andiy; >0) B = | IAl < A Al 6 21)
B3 = or (Ays/Ags >tann/3 andA, < 0)  (20) 1, if [A] > A"+ AjA| andBg =0
0, otherwise. orif |A\| > |A]* — A|A\| andBg = 1.

Equations (18)—(20) show that trigonometric function calcu- Equation (21) represents a recurrent calculatitm:obtain
lations are not needed for the flux angle encoding, hence, tHe, We have to do a calculation using, and in order to do
complexity of implementation is decreased. The flux angle eH1€ calculation, we have to obtaifi. In order to derive the
coder can be accomplished by the hard limit neurons, as sho¥@ight and bias of the network, (21) can be rewritten as
in Fig. 8.

0 when(w; Bg+|A| — | A*|—A|A| <0

The five nets are linked together to form a network of 24 Bg = { ’ (wiBo+ A= *| Al<0)
different neurons for implementing the flux angle encoder and L, when(w; Bs+|A| = |A"| - A[A[ = 0)
flux magnitude computation, as shown in Fig. 9. wherew; = 2A|A|.

The outputBg is connected as an input, which forms a recur-
rent network [11]. Using the basis function given by (1) for a
Using the hysteresis comparator, as shown in Fig. 10, the flagural network, the weight and bias can be precomputed. The
error between stator flupd| and its commandgl\*| can be lim-  input of networkz is [Bg, |A|, |A*|]. Its output isBg, its weight
ited within £A|A|, and the flux error cod# produced by the w = [2A|A] 1 —1], and its bia® = [-A|)A|]. The flux hys-
hysteresis comparator will be used to select the voltage spaeresis comparator is implemented by a recurrent network with
vector. a hard limit function, as shown in Fig. 11.

(22)

D. Hysteresis Comparator Sub-Net
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The difference between the motor tordlieand torque com-
mand’™ is compared witlA7” and the error flag is used to pro-
duce a torque error code for selecting the voltage space vec
[5], i.e.,

N\

S
' %

T — AT <T <T* (Arotating in the clockwise direction)

T* <T<T*4+ AT (Arotating in the counterclockwise
direction).
(23)

The torque hysteresis comparator expressed by (23) can be
designed in a similar manner as the flux hysteresis comparafdg: 15. Neural-network implementation of DSC.
As shown in Fig. 12, the torque error code consists of two bits
B, andBs. The weight ofu; is [AT 1 —1] and the bias of,; F- Linking of Neural Networks

is [0], while the weight ofu, is[AT 1 —1]and the biasofi.  \when the sub-nets are linked to each other, some neurons of

is [AT]. the output layer may be merged with the input neurons of the
next sub-net. For example, if an output neuron of a sub-net has

E. Optimum Switching Table a linear activation function, it may be merged with the input

The DSC optimum switching table is shown in Table IP€Uron of the next sub-net. As shown in Fig. 14, the activation

The flux angle codeB; B, Bs, the torque error cod®,, Bs, function of neuronA is linear, and its output is

and the flux magnitude error codBs determine the output
voltage codesS,, S;, and S.. The output voltage codes of
the optimum switching table represent the on/off status of the| et the basis function of neuraB be
inverter switches [5].
A two-layer network with a total of 26 hard limit neurons is U1 = w3 + wax + Oa. (25)
employed to implement the optimum switching table as illus- I .
trated in Fig. 13. (The first layer has 23 neurons and the secondQ’UbStItutIng (24) into (25),
layer has three neurons.) Utilizing the 36 pairs of input anlg1
output patterns, shown in Table I, the network is trained by a
supervised method with a perceptron training rule [11]. After
321 tr_aining epoc_hs, the sum sqgared eFarrives at zero. If the new weight and bias of neurdhare denoted by’ and
Welghts and biases of t_he trained nenNork of the optlmum?, respectively, then
switching table are shown in the equations at the bottom of the
next page. w' = [w3w1 + waw; waws + w4w2] 27

T = w11 + wexo + 1. (24)

= W3W1T1 + W3WaT2 + WaW1 X1 + WaWak2
+(ws +wy)b1 + 62 (26)
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6, = [(wg + wq)0; +92]. (28) With the merging of input and output neurons, the five

sub-nets (flux estimation, torque calculation, flux angle en-
In this way, neuromd is merged with neuro3, as well as coder and flux magnitude calculation, hysteresis comparator,

neuronC, as illustrated in Fig. 14. and optimum switching table) are assembled into the DSC
If an output neuron of a sub-net has a hard limit functiomeural network, as shown in Fig. 15.

it can also be merged into next sub-net’s input neuron that hasThe complete neural network consists of seven layers and 58

also a hard limit function. Employing this strategy, the numbereurons. It may be implemented using special neural devices,

of layers and neurons of the linked network can be decreasesuch as ASIC chips in the future. Parallelism of neural device

r0.8473 0.1000 0.8214 0.9325 0.8671 0.8807 1 r 0.31727
—0.3959 0.6785 —0.1791 0.7114 0.1667  0.8996 —0.8136
0.8236 0.1031 —0.2662 0.7534 0.9052 —0.9376 0.2094
0.9787 —-0.0819 —-0.5239 —-0.7783 0.6660 —0.8659 —0.3607
—0.6582 0.0466 —0.9139 —0.9580 0.5729 —0.7142 0.2535
0.4411 0.8341 —0.2549 0.3272 —-0.4276 —0.5089 —0.0746
—0.6962 0.5110 0.5568 0.5683 0.7265 0.8997 0.1723
—-0.2369 —-0.5314 0.7119 0.3871 —0.8990 0.3175 —0.7927
0.3833 —0.8297 —0.9496 0.1024 0.5905 0.7263 —0.5441
0.4365 0.5641 0.3388 0.6349 —0.0686 —0.6487 —0.7246
—0.8817 0.5534 —0.4127 -0.0749 -0.1838 0.6598 —0.8505

wy = 0.6516 —0.5826 —0.3187 0.1873 0.2835 —0.6509 0, = 0.1054

—0.1291 0.0115 0.4511 0.6609 —0.6006 0.4883 —0.0766
0.0408 —0.5340 0.2051 0.4697 —0.4190 —-0.5775 0.2480
0.6021 0.6986 0.9031 —-0.6054 —0.0458 0.6745 —0.0338
0.9416 0.8895 0.7088 0.4795 —0.5711 0.8700 —0.9783
0.3989 —0.53998 —-0.1453 —-0.6091 —0.8569 —0.7536 —0.7918
—0.3839 0.8020 —-0.6499 -0.1445 —0.1848 0.4157 —0.6188
0.7534 —0.9990 0.7505 —0.5311 —0.4880 —0.5296 —0.2715
—0.5086 0.6735 0.8707 0.1676 —0.1350 —0.0590 —0.2894
—0.4867 —0.6002 0.7466 —0.1776 0.3418 —0.0105 —0.8920
0.7980 —0.6535 —0.8298 —0.3647 —0.5332 0.1036 —0.4184
0.5562 0.0990 -0.0978 -0.4616 -0.1810 —-0.9218. L 0.68804

r 47.0715 18.3421 39.31287
19.8300 66.1149 38.1971
10.0276 10.5172  —23.2186
31.3423 —82.8622 —2.3431
81.35568 —11.4122  —74.3797
—31.0657 —15.0781 —41.1647
25.5236 1.0999 34.7033
50.9470 —11.9138 —13.8670
—10.4534 —31.1892 39.6167
47.5688 33.1082 67.7114
—32.5416 —77.4311 —37.5666 47.0021

w, = | —46.1118 9.6021  —39.3630 0; = | 18.0043
—3.9496 —10.5267 —15.9416 38.4240

—57.59613 —63.8121 8.1912
—72.1204 —16.5997 48.0935
—54.5250 —69.1477 —103.9177
—0.2557 —0.6748 0.1752
21.4774 8.7560 94.9129
73.1023 52.9186 25.0732
—2.5922 84076 —74.5973
—37.7769 34.9370 —7.5454
69.0833 55.2032 —45.3538

L —23.3127 35.2852 6.9282 |
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. Fig. 21. Flux response of DSP DSC with 1p8-delay (time= 0 s~ 0.2 s).
computation renders the control process extremely fast and the

cost should be lower compared with a DSP-based system. In the

practical drive, the output potentials of the voltage and curre8tator flux and torque commands are as follows:
sensors should match the drive voltage of the neural devices,

while the output potentials of the neural devices should match |)‘*S|* = 0.86 Wb Os<t<ds
gate drive voltage of the inverter. T™ =100 (N -m) 0s<t<08s
T+ = 20 (N - m) 08s<t<2s
IV. SIMULATION OF NEURAL-NETWORK DSC I =—100(N-m) 2s<i<23s

T =20 (N-m) 23s<t<4s.
A Matlab/Simulink program with a Neural Network Toolbox
is used to simulate the neural network DSC, as shown in Fig. 16F19s- 17, 19, and 21 show the torque response, speed re-
The induction motor used for the simulation studies has t§80Nse; and flux response of the classical DSC system with
following parameters: 10st _controller delay (typical of a DSP-based controller),
while Figs. 18, 20, and 22 show the torque response, speed re-
Type: three-phase 7.5-kW, 220-V, 60-Hz, 6-pole sponse, and flux response of the neural network control system

squirrel-cage induction motor with 25-us controller delay. The results demonstrate that
Stator resistance: 0.288/ph DSP-based DSC produces large torque and flux errors, whereas
Rotor resistance: 0.162/ph the neural-network controller eliminates almost all these errors.
Stator leakage reactance: 0.522ph In the simulation studies, it is evident that: 1) torque and flux
Rotor leakage reactance: 0.28¥ph errors increase with increasing controller delay time and 2)
Magnetizing reactance:  14.823/ph the large torque and flux errors decrease the robustness of the
Rotor inertia: 0.4 kg m? drive system against current noise and load changes. It can be
Inertia of load: 0.4 kg m? concluded that neural-network-based DSC is a more effective
Load torque: 20 Nm. algorithm for the control of an inverter-fed induction motor.
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V. CONCLUSION
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[11] Neural Network Toolbox User’s Guide Natick, MA: The MathWorks,
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In this paper, the flexible neural-network structures are used
to implement a DSC system for an inverter-fed induction motor
drive. Based on the fundamental principle of DSC, an individual
training strategy that involves both the fixed weight and sup
vised networks are employed for the ANN controller desig
The fixed-weight method can accurately implement a mat
matical model, whereas the supervised method can closely
proximate a complex target. Neural-network-based DSC gre
reduces the execution time of the controller, hence, the ste
state control error is almost eliminated. The results of simulati
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