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Abstract—Artificial neural networks (ANN'’s), which have no the drive is commissioned. Therefore, the performance of such
off-line pretraining, can be trained continually on-line to identify  an off-line trained ANN approach depends upon the amount
an inverter-fed induction motor and control its stator currents. and quality of training data used, which in turn depends

Due to the small time constants of the motor circuits, the time t lexit d th f f diti
to complete one training cycle has to be extremely small. This on system compiexity an € range ot operaling conditions

paper proposes and evaluates a new form of the random weight involved and is also sensitive to parameter variations.
change (RWC) algorithm, which is based on the method of Since the induction machine is a deterministic system for

random search for the error surface gradient. Simulation results which the equations are well known, training of an ANN
show that the new form of the RWC, termed continually on- frqom 5 random initial condition is not necessarily required.

line trained RWC (COT-RWC), yields performance very much Ref 3 t lator for inducti
the same as conventional backpropagation with on-line training. eference [3] proposes a current regulator for induction ma-

Unlike backpropagation, however, the COT-RWC method can Chines which maps the electrical equivalent circuit equations
be implemented in mixed digital/analog hardware and still have onto a feedforward neural network and does not require
a\S/ULfgfi_entlly Smat” tt_faininr?_ ChyC|e tinlﬂet- The p?pgr_also pEOD_OSES training. However, like the off-line trained ANN scheme
a implementation wnicn compietes one training cycle In as H H
little asS;f)s. Such a fast ANN canFi)dentify and contr%l t)r/1e motor [2], the approach in [3] is also prone to degraded perfor-
currents within a few milliseconds and, thus, provide self-tuning mance because of parame.ter variations. In order to account
of the drive while the ANN has no prior information whatsoever for unknown parameter variations, an observer-based scheme
of the connected inverter and motor. like [1] may be used, but unmodeled nonlinearities, such
Index Terms—induction motor, motor current regulator, neu- as mggnetic S_aturation, can only be accounted for u_sing an
ral network, on-line training. adaptive nonlinear-model-based controller, or by using an
ANN which is trained while the drive controller (including
the ANN) is operatingon-line Such an ANN scheme was
proposed [4] which used continual on-line training (with
HE induction motor is a nonlinear system, the parametens off-line training) to identify and adaptively control the
of which vary with time and operating conditions. Focurrents and, therefore, the torque and, thus, the speed of
high-performance applications, such as vector control aad induction machine. Simulated results showed that this
direct self control, it is necessary for the controller desigscheme could produce high dynamic performance similar to
to be based on observers and estimation techniques [1], whikht achieved with conventional vector control. With an on-
depend on a simplified model of the motor. Artificial neurdine trained scheme, custom tailoring of the ANN architecture
networks (ANN’s) provide an alternative method of observingnd weights to match the structure of the motor equations,
the input/output relationships of the motor. A previouslalthough possible, is not necessary.
presented scheme [2] proposed that an ANN be tramféd  The scheme in [4] incorporates three ANN's which are
line, i.e., with data obtained priori to mimic existing stator on-line trained using backpropagation, with two different
current controllers. Once sufficiently well-trained, the ANNates of execution; a relatively slow rate for the two ANN’s
could replace the original current controller with the advantagehich accomplishes the rotor speed identification and control
of increased speed of execution and fault tolerance. With thisnctions and a much faster rate for the ANN performing
approach, no further training of the network is possible, aftéie stator current regulation. The stator current loop control
scheme, illustrated in Fig. 1, must run at a high enough rate to
Paper IPCSD 96-53, approved by the Industrial Drives Committee of tr@P€ with the comparatively small electrical time constants
IEEE Industry Applications Society for presentation at the 1995 Indust@f the machine. In order to achieve on-line training at a
Applications Society Annual Meeting, Lake Buena Vista, FL, October 8-12a350nable sampling frequency, e.g., 10 kHz, one epoch (one
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However, & and f(.) depend on the electrical parameters of
+ the motor. Since these parameters are time-varying, both
and f(.) are implicitly time-varying [the time variation is not
explicit in the values of: and f(.)]. Nevertheless, Fig. 1 shows
how a COT ANN can be used to adaptively identjfy.) and
k and produce approximate valugé) and k’, respectively,
so that control (4) can be implemented as

_ is(k+1) — glz(k)]

Q:(k) - k! : (4)
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Recently, a zero instruction set computer chip, ZISC036,
o was introduced by IBM that uses radial basis functions
‘ (RBF's) as the training method [7]; a similar, but more
o powerful chip using RBF for training, has also been developed
by Intel and Nestor Inc. [7]. The RBF neural networks are
Fig. 1. Adaptive ANN stator current controller block diagram. not as powerful as the feedforward ones, when compared in
terms of extrapolation and generalization capabilities. Another
the sampling frequency was limited by the ANN computatiopossibility explored by some researchers is to combine a
overhead to approximately 500 Hz. feedforward ANN ASIC like the Intel Electrically Trainable
This paper proposes and investigates the use of a new fastalog Neural Network (ETANN) with external high-speed
on-line training algorithm for feedforward ANN’s suitableprocessors to implement the backpropagation [8]. The forward
for hardware implementation and which can meet the timimgass is carried out in the ETANN and the weight update
constraints described above. As opposed to backpropagatiaemputation is done on the external processor; although this
this new method calledontinually on-line trained random method can achieve considerably higher speeds than a software
weight chang€COT-RWC) training, is designed to be robustmplementation of the ANN, the achieved speed is still too
and insensitive to the nonidealities of analog VLSI circuits. slow for the continual on-line training requirement of the
motor application considered in this paper.
Il. ANN CURRENT CONTROL METHOD A complete VLSI implementation of the feedforward neural
g‘et using backpropagation or one of its variants for continual

The stator current controller of [4] is based on continu . s : .
online training (COT) of an ANN to adaptively identifyon_Ilne tra.mmg. has not bgen accomp!lshed to date. The major
obstacle in this regard is the sensitivity of these gradient

the nonlinear autoregressive moving average with EXOYENY&Ecent training algorithms to the nonlinearities and offsets
(NARMAX) inputs model of the electrical dynamics of the g alg

\ . . . . . gresent in hardware analog multipliers and adders. In contrast,
induction motor. This model, derived in [4], gives the valu L , .
. all-digital implementation takes up much larger chip areas
of the next stator current samplg(k + 1) as some function .
. N . than the analog ones and, therefore, a fydbrallel digital
f(.) of the present “state” of the machin€k) and the present . | : ! v f I K
voltage v (k) applied to the stator, i.e imp ementatlon can be realged, but only for sma netV\_/or s
= o and with lesser number of bits. However, backpropagation is
t,(k+1) = fle(k)] + cv (k) (1) sensitive to the bit resolution and fails to converge if the
. B resolution is inadequate [9]. If, instead, the computation is
where ¢ is called the voltage constant and the state vectQiyrieq outserially in digital circuits, learning speed must
x(k), is a vector made up of present and delayed values 9f 5 rificed. Analog implementation of weight circuits and
stator current, and shaft speed,,,, and a delayed value of o, iipjiers, on the other hand, has the advantage of fast
Vs 1.€, operating speed and small chip areas, therefore allowing
a(k) = [ig(k), i,(k — 1), we(k), we(k—1), v,(k—1)]. (2) larger circuits to be realized. However, the nonidealities of
. . these analog circuits, as mentioned above, render the use of
From (1), it can be seen that there exists some voltdge) backpropagation or its modified versions impractical.
which can be applied to the stator of the motor to produce All the above-mentioned problems prompted the search, not
some desired value of stator curreéfitk + 1), i.e., for faster hardware to implement continuous on-line training
(k4 1) = fla(k)] + cv’ (k). 3) using backprppagatmn, but, instead, for an alternate training
algorithm which is more robust and less complex and, there-
Equation (3) can, thus, be rearranged to produce a nonlinésre, would take much less time to execute on VLSI. Such an
control law: algorithm is described in the next section.
e G5k + 1) = fla(k)]
v, (k) = ke ’ (4) IV. THE RWC TRAINING ALGORITHM
Thus, the exact voltage required to produce the desired currenf\ practical variation of the previously reported ANN train-
can be calculated if the value gfz(k)] and k£ are known. ing algorithm called RWC [9] is proposed in this paper;

Inverter and
Induction Motor
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Fig. 3. The RWC learning hardware schematic.

obtain a form that is suitable for COT. Fig. 2 illustrates how
CIL-RWC is modified to obtain COT-RWC.

While the practical form of the RWC algorithm works well
for the induction motor application, it is generic in nature
and is potentially useful for many other applications. During
Fig_. 2. flowchart (_iepicting one training epoc_h _of the c_ontinuous on-lineach training cycle, oepoch each of the network Weights is
trained random weight change (COT-RWC) training algorithm. perturbed by a number which has a fixed magnitédend

a random sign. The ANN output error is computed after the
RWC updates the ANN weights based on a random seamghight change. This error is compared to the value of the
for the gradient of the error surface, instead of calculatirgrevious error before the weight change and, based on this
this gradient with the complex backpropagation algorithngomparison, a decision is taken whether to keep the new
For applications with hundreds of weights and weight updat¢eights or not. Keeping the ANN input vector fixed, this
times in the microsecond range, the RWC algorithm can Bgocess is repeated a number of times (tréals) during each
implemented on hardware which is lower in cost and simplépoch, and the final weights at the end of the epoch are chosen
than Commercia”y available hardware' since Compact ana|w)e the ones that result in the smallest error dUring that epOCh.
mixed signal circuitry can be used to perform the weighthe flowchartin Fig. 2 explains one training cycle or epoch in
updates and the forward propagation of the network. It fgore detail. The step sizgis a training parameter that needs
important to note that with RWC, convergence does not tak be determined heuristically for a specific problem. This is
place along steepest descent, however, convergence will 8y Similar to the gain coefficient in backpropagation and
take place sincdhere is always a good probability that alS Pest thought of as the radius of a hypersphere insthe
relatively small number of random trials will find a directiondimensional error hypersurface, wherés the total number of
in which the weights can be changed in order to reduce tfgtwork weights. It has been observed during experimentation
error. This paper will show that this type of convergence ithat the value of affects the convergence speed and accuracy

sufficiently fast to ensure good adaptive control of inductioffllnd needs t_o be smal_l, about tW(_) orders of mag”'t“de less
motor currents. than the weight magnitudes. As is clear from Fig. 2, each

The original RWC algorithm was designed for chip—in—the‘—apOCh containgV trials, therefore, the forward propagation

loop (CIL) training, i.e., training on real-time data where gnd the random weight change has to be dinémes during

sample can be discarded in the event that the gradientE%fhbepOCh' Th;s;r?p?ea}[rfhtottt)ﬁ_alarﬁ]e amountbof _corr;putan:)nd,
not found; CIL-RWC is suitable for applications requirin ut, because ot the tact that this scheme can be Implemente

. - . ith fully parallel nodes, and the random numbers can be
very fast off-line training on real-time data, such as P nerated very efficiently using shift registers, the all-hardware
and image processing. However, CIL-RWC is not suitabf& Y y g 9 '

for continual on-line training of adaptive real-time ANNlmpIementatlon can achieve very high speeds.

controllers, since the gradient must be found in every sampling

period in order to eliminate the control error. In power V. RWC HARDWARE

electronic applications, this amounts to changing the weights inA proposed hardware schematic for the RWC algorithm-
the correct direction once in every switching period to ensulkearning ANN is presented in Fig. 3. The hardware is con-
stability. Thus, CIL-RWC must be significantly modified tatrolled by a conventional microcontroller which generates
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Fig. 4. Timing diagram for COT-RWC learning hardware.

the clock signals (phl and ph2) and several control sigase study to the next. The middle layer outputs pass through
nals [update, best, randl( 6]. These control signals can besigmoidal nonlinearities, while the final outputs are linear. The
generated with a low-cost single-chip microcontroller. Thequations for the system in Fig. 1 were given in [5], [6] and are
parallel mixed-signal analog-digital hardware carries out aibt presented here. During each epoch, the process in Fig. 3
the parallel weight update and forward-propagation operatiosrepeated for Naf_Trials N = 20, while keeping the inputs

It is anticipated that with a 100-MHz digital clock, the trainingconstant.

epoch proposed in Fig. 3 would take 800 ns (20 RWC trials).

With a less aggressive 10-MHz clock, the epoch would talke Case Study One: RWC Compared with Backpropagation

8 ms. In order to compare the convergence properties of the RWC

Each weight circuit in the ANN contains three registers Ry the packpropagation algorithms, the simulation of the
W, and B in Fig. 3) that store the random weight changes,qponse of the system in Fig. 1 is repeated for both algo-

the current weight, and the best weight change for the currenfims. Fig. 5 shows the desired current and the actual current,

epoch, respectively. The random weight changes are shifﬁgt using RWC [Fig. 5(a)] and then using backpropagation

into the register R and used to update the weight register Wiq 5. No pretraining of the ANN takes place, and in each
Then, the opposite weight change is shifted into R and usgfiig '53) and (b), the ANN is allowed to identify and control
to return W to the original value. The timing of this process ig,o ~urrent from a random initial set of weights. Frere: 0
shqwn in Fig. 4. Th_e step Al represents the trial of the C‘%rf‘%ﬂhim conditions prevail, but the desired current magnitude
weight change, while A2 represents the return to the origingl j frequency are both set to zero, and the ANN lies dormant
value of the weights. The external signal "best” is generatgdly, nitial weights. On-line training, current identification,

externally from the hardware by calculating the output errYnd control then all commence at= 100 ms when the first
and indicates to the hardware that the current weight chang%f'sthree step changes in current is demanded

the best so far among the completed trials in the current epoch.
This signal causes the current weight change to be savedStiep 1:

the B (best) register. When one epoch is complete, the update 100 ms< ¢ < 600 ms, w =30rad/s I =0.7pu,
signal is raised and the best weight change is permanerg%p 2:

saved in the weight register (W). Referring to Fig. 4, in step B,
the external processor computes that the current weight change 600 ms<t<800ms w=90radls I=0.3puy,
is the best for the epoch. In step C, the value of the registertep 3:

[best(i)] is updated. In step D, the best overall weight change t>800ms w=15radls I=1.0pu.

is made permanent. i
The particular sequence and nature of the step changes

do not represent any particular mode of induction motor
operation, but are the same as the sequence used by [4] to
In order to assess the suitability of the RWC algorithm tilustrate that convergence occurs each time, following any
identify and control the motor stator currents, the responsgpid change.
of the system in Fig. 1 is computed for several step changedMeasurement noise is artificially introduced into the simu-
in the magnitude and the frequency of the demanded stal@tions in order to more closely approximate the real system,
currents; typical results from several case studies are presented.the PWM and the inverter are not modeled. The results
The ANN in Fig. 1 consists of eight inputs and two outputsn Fig. 5 show that both training methods allow the ANN
the number of middle layer neurons is varied from one to quickly identify the stator currents from a random initial

VI. RESULTS



BURTON et al. IDENTIFICATION AND CONTROL OF INDUCTION MOTOR STATOR CURRENTS 701

0.8r 1

0.6r

0.4t

P ..Im.n. Ll iiak

. . L ; 0 200 400 600 800 1000
200 400 600 800 1000 time (milliseconds)

time (milliseconds) @
a

(@)

0.8r

0.6r

0.4f

0.2r

N A . \ 0 200 400 600 800 1000
200 400 600 800 1000 time (milliseconds
time (milliseconds) ®)

() Fig. 6. Thetraining error used to make weight updates. (a) COT-RWC
Fig. 5. Desired and actual current-éxis). (a) Using COT-RWC training. method. (b) Backpropagation.
(b) Using backpropagation.

1.8
state and, thereafter, closely track all three steps of desiredm
response. The RWC results of Fig. 5(a) are at least as good

as those of backpropagation in Fig. 5(b). Tin@ining error 1.4r
(which is a variable in Fig. 1) for each method is shown in |
Fig. 6 and confirms that RWC, in fact, converges at least as
well as backpropagation, although neither method has been 1
optimized for these results. 0.8f 1

B. Case Study Two: Convergence of RWC 0.6 |

Both RWC and backpropagation in section VI-A started 24|
with a random initial set of weights. In order to show that gof 1
the RWC convergence does not depend on the values of the , ] )
initial set, the RWC simulation in section VI-A is repeated 0o 200 400 600 800 1000
nine more times, each time starting with a different random time (milliseconds)
set of weights. This yields ten sets of curves like the ones iy 7. averagedraining error over ten independent simulation runs using
Figs. 5(a) and 6(a), but with each one differing slightly fronthe RWC method from arbitrary initial conditions.
the other, due to the random nature of the RWC algorithm.

Rather than overlaying ten such curves, only a single curireFig. 7, and it clearly shows an average convergence as good
which represents the average of the ten training errors is shoasthe single result of Fig. 6(a). This means that the good
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Fig. 8. Depicting the effect of number of nodes while using RWC training. Simulation results using: (a) 12 nodes, (b) 20 nodes, and (c) 30 nodes.

result in Fig. 5(a) is not the consequence of a “lucky brealNN tracks the desired curve better than the 12-node ANN
in choosing the initial weights, but that RWC converges eaemnd that the 30-node ANN tracks best of all three. Once the
time, irrespective of the initial values. desired current settles into a steady sinewave, the differences in
tracking ability become almost insignificant. When the second
and third transients occur, the 20- and 30-node systems seem
to track only slightly better than the 12-node system; this
The ANN in sections VI-A and VI-B usedn = 12 inner js to be expected, since a 30-node system contains more
layer nodes. In order to test whether the convergence properfigsh-frequency training information than a 12-node system.
of the RWC algorithm depend on the valuesef the test of Nevertheless, the performance of the 12-node system appears
Fig. 5(a) is repeated in Fig. 8 for an ANN withh = 12, acceptable and has the advantage of being a smaller system

20, and 30 nodes, respectively. Obviously, the initial set gfith a lower computational burden to implement.
weights for each number of nodes differs from that of the

other set, because of the different lengths of the weight vectors.

However, the same value of the step size- 0.005 is used D- €ase Study Four: Influence 6f

for all the results in Fig. 8. In the previous case studies, the frequency of the current
The marked difference in the initial responses (frbom 100  was stepped to 30, then to 90, and then to 15 rad/s. Induction

ms to about 150 ms) of the 12, 20, and 30 node system®tors often operate at frequencies higher than these and, so,

is influenced very much by their different random startinfpr the next case study, the frequency of the 12-node system

weights. After this initial period, it appears that the 20-node stepped to 314 rad/s (50 Hz) in order to verify that the

C. Case Study Three: Number of Inner Layer Nodes
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steady-state error can be driven to zero by increa8inthis
suggests that the step size should not be a fixed @lbeit
should also contain a term sensitive to the size of the error,
for example.

VII.

Backpropagation has been previously used for identification
and control of the stator currents of an induction motor.
However, ANN hardware implementation of backpropagation
must be capable of executing one epoch in less thap0
a requirement imposed by the continual on-line training and
a sampling frequency of 10 kHz. An execution speed of this
order, using backpropagation, is not realizable with existing
VLSI technology. This paper has presented a practical form
of the fast on-line RWC training algorithm for feedforward
ANN'’s with a potential for mixed signal (analog/digital)
VLSI realizability able to meet the above time constraint.
The RWC algorithm is based on the method of random
search, is computationally simple, and suitable for VLSI
implementation; moreover, it produces results comparable to
backpropagation.

Results have been presented to show that an ANN with 12
nodes in the inner layer can be trained to identify and control
the motor currents almost as well as one with 30 nodes, but the
12-node ANN is preferred because of its lower computational
requirement on the implementation hardware. The results also
show that the 12-node ANN system performs well both at low-
and high-frequency motor currents. Moreover, the value of the
training step sizé influences the system behavior in the same
way as the proportion gain of a traditional feedback controller.

An inverter-fed adjustable-speed induction motor could be
identified, and its stator currents controlled, within a few mil-
liseconds of the startup and, thus, provide self-commissioning,
while the ANN has no prior information whatsoever of the
inverter and the motor connected to it.

CONCLUSIONS
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