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Intelligent control of a stepping motor drive

using a hybrid neuro-fuzzy approach

P. Melin, 0. Castillo

Abstract Stepping motors are widely used in robotics and
in the numerical control of machine tools where they have
to perform high-precision positioning operations. How-
ever, the variations of the mechanical configuration of the
drive, which are common to these two applications, can
lead to a loss of synchronism for high stepping rates.
Moreover, the classical open-loop speed control is weak
and a closed-loop control becomes necessary. In this
paper, fuzzy logic is applied to control the speed of a
stepping motor drive with feedback. A neuro-fuzzy hybrid
approach is used to design the fuzzy rule base of the
intelligent system for control. In particular, we used the
ANFIS methodology to build a Sugeno fuzzy model for
controlling the stepping motor drive. An advanced test bed
is used in order to evaluate the tracking properties and the
robustness capacities of the fuzzy logic controller.

Keywords Intelligent control, Neuro-fuzzy approach,
ANFIS method, Stepping motor
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Introduction

Stepping motors can be viewed as electric motors without
commutators [9]. Typically, all windings in the motor are
part of the stator, and the rotor is either a permanent
magnet or, in the case of variable reluctance motors, a
toothed block of some magnetically soft material. All of the
commutation must be handled externally by the motor
controller, and typically, the motors and controllers are
designed so that the motor may be held in any fixed
position as well as being rotated one way or the other.
Most stepping motors can be stepped at audio frequencies,
allowing them to spin quite quickly, and with an
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appropriate controller, they may be started and stopped
“on a dime” at controlled orientations.

For some applications, there is a choice between using
servomotors and stepping motors. Both types of motors
offer similar opportunities for precise positioning, but
they differ in a number of ways. Servomotors require
analog feedback control systems of some type. Typically,
this involves a potentiometer to provide feedback about
the rotor position, and some mix of circuitry to drive a
current through the motor inversely proportional to the
difference between the desired position and the current
position. In making a choice between stepping motors and
servomotors, a number of issues must be considered;
which of these will matter depends on the application. For
example, the repeatability of positioning done with a
stepping motor depends on the geometry of the motor
rotor, while the repeatability of positioning done with a
servomotor generally depends on the stability of the
potentiometer and other analog components in the feed-
back circuit. Stepping motors can be used in simple open-
loop control systems; these are generally adequate for
systems that operate at low accelerations with static loads,
but closed loop control may be essential for high accel-
erations, particularly if they involve variable loads [1]. If a
stepping motor in an open-loop control system is over-
torqued, all knowledge of rotor position is lost and the
system must be reinitialized; servomotors are not subject
to this problem.

In this paper, the application of fuzzy logic is proposed
to control the speed of a stepping motor drive. The closed-
loop control scheme entails in incorporating engineering
knowledge into the automatic control system by using the
intuition and experience of the designer. This strategy was
proposed by Zadeh [22-25], to describe complicated sys-
tems, which are hard to analyze using traditional mathe-
matics. Indeed, Mamdani [11] was the first to report on the
application of fuzzy logic to control a small laboratory
steam engine. The success of this study led many scientists
to attempt to control industrial processes such as chemical
reactors, automatic trains, or nuclear reactors using fuzzy
algorithms. The results of these experiments, showed that,
fuzzy controllers perform better, or at least as well as,
classical controllers. Moreover, this technique offers the
advantage of requiring only a simple mathematical model
to formulate the algorithm, which can easily be
implemented by a digital computer. These features are
appreciated for nonlinear processes for which there is no
reliable model and complex systems where the model is
useless due to the large number of equations involved [3].



Additionally, fuzzy logic is used more frequently for the
control of electrical machines such as direct current or
induction motors [10]. Nevertheless, the main problem
with fuzzy logic is that there is no systematic procedure for
the design of a fuzzy controller. For this reason, we pro-
pose in this paper the use of the adaptive neuro-fuzzy
inference system (ANFIS) methodology [7, 8] to adapt the
parameters of the fuzzy system for control [2, 4]. We use
this neuro-fuzzy approach to train the controller with real
data about the problem.

2

Basic concepts of stepping motors

Stepping motors come in two varieties, permanent mag-
net and variable reluctance (there are also hybrid motors,
which are indistinguishable from permanent magnet
motors from the controller’s point of view). You can
distinguish between the two varieties with an ohmmeter.
Variable reluctance motors usually have three (sometimes
four) windings, with a common return, while permanent
magnet motors usually have two independent windings,
with or without center taps. Center-tapped windings are
used in unipolar permanent magnet motors [9]. Stepping
motors come in a wide range of angular resolution. The
coarsest motors typically turn 90° per step, while high-
resolution permanent magnet motors are commonly able
to handle 1.8 or even 0.72° per step. With an appropriate
controller, most permanent magnet and hybrid motors
can be run in half-steps, and some controllers can handle
smaller fractional steps or micro-steps.

A. Variable reluctance motors
If your motor has three windings, typically connected as
shown in the schematic diagram in Fig. 1, with one
terminal common to all windings, it is most likely a
variable reluctance stepping motor. In use, the common
wire typically goes to the positive supply and the
windings are energized in sequence. The cross section
shown in Fig. 1 is of 30° per step variable reluctance
motor. The rotor in this motor has 4 teeth and the
stator has 6 poles, with each winding wrapped around
two opposite poles. With winding number 1 energized,
the rotor teeth marked X are attracted to this winding’s
poles. If the current through winding 1 is turned off and
winding 2 is turned on, the rotor will rotate 30° clock-
wise so that the poles marked Y line up with the poles
marked 2.

There are also variable reluctance stepping motors with
4 and 5 windings, requiring 5 or 6 wires. The principle for
driving these motors is the same as that for the three
winding variety, but it becomes important to work out the

Fig. 1. Example of a variable reluctance motor

correct order to energize the windings to make the motor
step nicely. The motor geometry illustrated in Fig. 1,
giving 30° per step, uses the fewest number of rotor teeth
and stator poles that performs satisfactorily. Using more
motor poles and more rotor teeth allows construction of
motors with smaller step angle.

B. Unipolar motors

Unipolar stepping motors, both Permanent magnet and
hybrid stepping motors with 5 or 6 wires are usually wired
as shown in the schematic in Fig. 2, with a center tap on
each of two windings. In use, the center taps of the
windings are typically wired to the positive supply, and the
two ends of each winding are alternately grounded to
reverse the direction of the field provided by that winding.
The motor cross-section shown in Fig. 2 is of a 30° per
step permanent magnet or hybrid motor.

For higher angular resolutions, the rotor must have
proportionally more poles. The 30° per step motor in the
figure is one of the most common permanent magnet
motor designs, although 15 and 7.5° per step motors are
widely available.

C. Bipolar motors

Bipolar permanent magnet and hybrid motors are con-
structed with exactly the same mechanism as is used on
unipolar motors, but the two windings are wired more
simply, with no center taps. The schematic in Fig. 3 shows
how such a motor is wired, while the motor cross section
shown here is exactly the same as the cross section shown
in Fig. 2.

3
Dynamics of the stepping motor
Each time you step the motor, you electronically move the
equilibrium position S radians. This moves the entire
curve a distance of S Rad, as shown in Fig. 4.

The first thing to note about the process of taking one
step is that the maximum available torque is at a minimum
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Fig. 3. Example of a bipolar motor
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Fig. 4. Dynamics of a stepping motor

Fig. 5. Trajectory of the motor rotor

when the rotor is halfway from one step to the next. This
minimum determines the running torque, the maximum
torque the motor can drive as it steps slowly forward. For
common two-winding permanent magnet motors with
ideal sinusoidal torque versus position curves and holding
torque h, this will be h/(2%°). If the motor is stepped by
powering two windings at a time, the running torque of an
ideal two-winding permanent magnet motor will be the
same as the single-winding holding torque.

It should be noted that at higher stepping speeds, the
running torque is sometimes defined as the pull-out
torque. The resulting trajectory may resemble the one
shown in Fig. 5.

The resonant frequency of the motor rotor depends on
the amplitude of the oscillation; but as the amplitude
decreases, the resonant frequency rises to a well-defined
small-amplitude frequency. Formally, the small-amplitude
resonance can be computed as follows:

T=puA

where: T is the torque applied to rotor, p the moment of
inertia of rotor and load, and A the angular acceleration, in
Rad/s. We assume that, for small amplitudes, the torque
on the rotor can be approximated as a linear function of
the displacement from the equilibrium position. There-
fore, Hooke’s law applies:

T=-kO
where k is the “spring constant” of the system, in torque
units per radian,® the angular position of rotor, in

radians.
We can equate the two formulas for the torque to get:

UA = —k®

Note that acceleration is the second derivative of position
with respect to time:

A =d*e/df

So we can rewrite this the above in differential equation
form:

0/d2 = —(k/1)®
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Fig. 7. Motor Vexta PV266-01E

To solve this, recall that, for: f() = a sin bt the derivatives
are:

df(¢t)/dt = abcos bt
d*f(t)/dt* = —ab*sin bt = —b*f(t)

Note that, throughout this discussion, we assumed that the
rotor is resonating. Therefore, it has an equation of motion
something like:

where a is the angular amplitude of resonance, f the
resonant frequency.

This is an admissible solution to the above differential
equation if we agree that:

b =2nf
b* = k/u

In practice, this oscillation can cause significant problems
when the stepping rate is anywhere near a resonant fre-
quency of the system; the result frequently appears as
random and uncontrollable motion.

4

Fuzzy logic controller of the stepping motor

The fuzzy logic controller provides an algorithm, which
converts the linguistic control, based on expert knowledge
into an automatic control strategy [14]. Therefore, the
fuzzy logic algorithm is much closer in spirit to human
thinking than traditional logical systems [5, 15]. The main
problem with fuzzy logic controller generation is related
to the choice of the regulator parameters [12]. For this
reason, we apply the ANFIS methodology to adapt the
parameters of the fuzzy controller according to real data
about the problem [13]. The experiments were made on a



system described in Fig. 6. A computer program in the PC
generates the step input to the system and stores the
response. The fuzzy controller is also contained in the
PC and acts on the system according to the corresponding
responses. We now describe briefly the modules of the
system.

1. Motor/Driver: Micro-step motor Vexta PV266-01E
with five phases and 500 steps by turn (The motor is
shown in Fig. 7). Power driver Vexta DFR1514A with
multi-resolution (Minimum: 500 steps by turn;
Maximum: 125000 steps by turn).

2. Encoder: Optical encoder Bourns of 40000 steps by
turn. This encoder generates two square signals with
90° difference. With these signals the magnitude of
motor movement is determined. We use the pro-
grammable logic device (PLD) of Altera (EP5032) to
determine the movement of the motor.

3. Data Acquisition Card: PCL-818 of Advantech with 8
analog inputs and 2 analog outputs (12 bits), 16 digital
inputs, 16 digital outputs. The sampling time used is
0.25 ms.

4. Computer/Software: Pentium III with 733 MHz. We
design a small real time kernel in C language for
control and data acquisition, and the fuzzy controller
was programmed in MATLAB [16].

inputt (3) \ pie
(sugeno) W)
/ 9 rules
XX =
input2 (3)

System anfis: 2 inputs, 1 outputs, 9 rules

Fig. 8. Architecture of the Sugeno fuzzy system with the ANFIS
approach
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The linguistic control rules are established considering the
dynamic behavior of the stepping motor drive and
analyzing the error and its variation. These control rules
are expressed as follows:

If Error is LP and Change Error is LP
Then Speed = p,*Error + q, * Change Error +r;
If Error is LP and Change_Error is MP
Then Speed = p,*Error + q, * Change Error+r,...

This is a Sugeno fuzzy model [17, 19] for controlling the
stepping motor. We used the ANFIS methodology to
estimate the parameters of the membership functions and
the consequent functions. We used a fuzzy model of 9
rules and 3 membership functions for each linguistic
variable. This was the fuzzy controller that gave the best
results. We show in Fig. 8 the architecture of the fuzzy
system with the ANFIS approach. We also show in Fig. 9
the architecture of the ANFIS methodology, which shows
the fuzzy rules in the adaptive network.

The fuzzy rules generated by the ANFIS method are
shown in Fig. 10. These rules are generated automatically
with the ANFIS method. We also show in Fig. 11 the
membership functions generated automatically by ANFIS.
In Fig. 12 we show the non-linear surface of the fuzzy
model.

Finally, we show in Fig. 13 the fuzzy rule viewer of
MATLAB, which shows the use of the fuzzy system for
calculating the output of the model for specific input
values.

. If (input1 is ininf1) and (input2 is in2nf1) then {output is outinf1) (1)
. If (input1 is in1nf1) and (input2 is in2nf2) then (output is outinf2) (1)
. If (input1 is ininf1) and (input2 is in2nf3) then {output is outinf3) (1)
. If (input1 is in1nf2) and (input2 is in2nf1) then (output is outinfs) (1)
. If (input1 is in1nf2) and (input2 is in2nf2) then (output is outinfS) (1)
. If (input1 is in1nf2) and (input2 is in2nf3) then {output is outinfé) (1)
. If (input1 is in1nf3) and (input2 is in2nf1) then (output is outinf?) (1)
. If (input1 is in1nf3) and (input2 is in2nf2) then (output is outinf8) (1)
. If (input1 is in1nf3) and (input2 is in2nf3) then (output is outinf9) (1)

S @O ~ O UV E W o =

Fig. 10. Fuzzy rules generated by the ANFIS method
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Fig. 9. The ANFIS architec-
ture showing the fuzzy system
components
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Fig. 12. Non-linear surface of the Sugeno fuzzy model

5

Hardware implementation of ANFIS

In this section, a detailed description of the hardware
implementation is given. The ANFIS controller
implementation is needed to really achieve the goal of
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60 80  Fig. 11. Membership functions generated by the
ANFIS method

having an intelligent stepping motor. The neuro-fuzzy
approach gives to the motor the ability to adapt to
changing conditions in the environment. A stepping
motor equipped with the intelligent controller will be able
to train itself with the new data to update its parameters,
and as a consequence be able to change its behavior
accordingly.

We have to first mention that the ANFIS implemen-
tation required a specific microprocessor to be able to
achieve all of the required numerical calculations. The
ANFIS methodology requires that the training is
performed on an adaptive network, using as data a time
series of the relevant variables of the problem. For this
reason, the “Jstamp” microprocessor was selected. This
specific microprocessor uses JAVA as the native
programming language, and has 512 Kb of RAM memory
and 512 Kb of FLASH memory. We show in Fig. 14 the
Jstamp microprocessor that was used in our research
work.

Fig. 13. Fuzzy rule viewer for calculating the output
of the fuzzy system for specific values



The ANFIS architecture that was implemented has the
general form that is shown in Fig. 15. In this figure, for
simplicity we only show the case of 4 fuzzy rules, but the
structure is similar for 9 fuzzy rules. We can also appre-
ciate from this Figure the hybrid nature of the ANFIS
approach because a least squares method is used in the
forward direction and the backpropagation algorithm is
used in the backward direction [18, 21]. These methods
were implemented in the JAVA language and then they
were downloaded to the Jstamp microprocessor to obtain
the fuzzy controller.

We also used a micro-controller for detecting the
position of the encoder. The specific type of the micro-
controller is the SX28 from the Ubicom company. The
SX28 is a micro-controller based on Flash memory and
with RISC type architecture. We show in Fig. 16 the
block diagram of the connections for detecting the
position of the encoder.
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Fig. 14. The Jstamp microprocessor used for the implementation
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Experimental results

In this section, the tracking and adaptability features of the
fuzzy control applied to the stepping motor are tested
using simulation and experimentation. We first show in
Fig. 17 the response of the stepping motor to a sequence of
step input signals (we use 400 samples). We show in

Fig. 18 the results of applying the ANFIS methodology
with the training data and with the testing data. We used
20 epochs for training and the final error was of 0.000001,
which is very good for this application. In Fig. 19 we
plot the predicted values by the fuzzy model and the real
values for the system, and the curves are practically

difference between both the real and the estimated signal
by the fuzzy model.

We also compared our results with a classical PID
controller and with a fuzzy Mamdani controller, to
measure how much the adaptive fuzzy approach could
improve the performance. Of course, our fuzzy controller
(designed with ANFIS) was better in tracking and
adaptability than the other controllers.

Another advantage of this method over classical
quantitative controllers is that it does not require a fixed
sampling time. Therefore, the proposed design confirms
the fact that fuzzy control is relevant to the control fast of
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nonlinear processes such as stepping motor drives where

quantitative methods are not always appropriate.

We also show in Fig. 21 a comparison between the real
and estimated outputs of the stepping motor for one step

of the system. It is clear from this figure that the fuzzy

model is very close to the real experimental values. Finally,
we show in Fig. 22 the case of making three consecutive
steps at different frequencies. We also have good results
for the case of three steps, which shows the robustness of

our intelligent control approach.

7
Conclusions

In this paper, the feasibility of fuzzy control for stepping
motor drives has been proved and illustrated by simulation

and experimentation. The best parameters for the fuzzy
controller were determined by using the ANFIS method-

ology and also by using simulations of the stepping motor

dynamics. An experimental system was used to validate

experimentally the tracking ability and the insensibility to

plant parameter changes. The fuzzy controller presented

very interesting tracking features and was able to respond

to different dynamic conditions. Also, the fuzzy control

computation is very inexpensive, and this regulator could

be used for the control of machine tools and robotics
manipulators [6, 20] without significantly increasing the
cost of the drive. The only extra cost is for the optical

encoder. Another advantage of this method over classical
quantitative controllers is that it does not require a fixed

sampling time. Therefore, the proposed design confirms

the fact that fuzzy control is relevant to the control fast of
nonlinear processes such as stepping motor drives where

quantitative methods are not always appropriate.
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