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Abstract

In the last few decades neural networks have been involved in
many fields of researches and their application was restricted
to be embedded on a computer. This paper describes
implementing of artificial neural network (ANN) based on a
low cost microcontroller to identify a DC motor model. The
identifier will act as path for the output error feedback in
Model Reference Adaptive Controller or to build an inverse
controller. To reduce the size of the proposed system, the DC
Motor is controlled conventionally using the method of Pulse
Width Modulation technique on the same microcontroller. The
proposed neural network is a multilayer feed-forward network
which is of three layers (1-3-1) structure. The training
technique used the back propagation algorithm by using C
program. Identification process has been implemented
successfully in the microcontroller and validated with
different randomly picked data with least mean square error
of 0.0007.

1. Introduction

With the development of technology;
microcontrollers are becoming more suitable chips
to control different electro-mechanical devices .

DC motors have been commonly used in several
industrial applications such as electric vehicles
control, electric cranes, and robotic manipulators
etc. M. It is essential to manage the speed of DC
motor can give a high starting torque and most
probably obtain speed control over varied range.

Over the last years, research about Artificial
Neural Network (ANN) has grown in many fields.
Until now most of the work are done in this field
are based on software simulations. Ability of ANN

to adaptive and learn any ambiguous system .

101


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

4
o

Sulaimani Journal for Engineering Sciences / Volume 7 - Number 1 - April 2020

But to get the advantage of ANN, the hardware
implementations are important and essential
 ANNs, like human brain, learns by example.
Learning in  biological systems  involves
adjustments to the synaptic connections that exist
between the neurons™.

embedded
microprocessor cores lack the performance for

running neural networks”’®.

One researcher  stated, "most

Many people have
repulsion about implementing neural networks,
one being that it requires significant computing
power and time to train them™®. Some
researchers have implemented neural networks
using Field Programmable Gate Arrays (FPGAs)
and Digital signal processors (DSPs) 7.
However, FPGA and DSP requires large
computing power, therefore, they tend to be very
expensive®. However, implementing neural
network does not required this large amount of
power and it can be done on an economic
microcontrollert®!*,

In this paper, implementations of a multilayer
feed forward network and the activation function
of the hidden layer are sigmoid function with
back propagation training algorithm for identify
DC motor speed control system using AT89S52
microcontroller. In the sections that follow, speed
control of DC motor using microcontroller (plant)
with describes the hardware components, neural
network algorithm for training to identify speed
of DC motor, ANN
microcontroller and experimental results will be

implementation in
presented.
2. DC Motor control Using Microcontroller

Dc motor is controlled using PWM (Pulse width
Modulation) technique in microcontroller. PWM is
a technique for binary signals generation, which
has two signal periods (high and low). The width
of each pulse varies between O and the period
(T) [12].

The main principle is control of power by varying
the duty cycle; a duty cycle is the fraction of one
period in which a signal is active. Duty cycle is
commonly expressed as a percentage or a ratio.

This is defined as the ratio between the ON time
and the period of the waveform as shown in
equation below!'?!

Duty Cycle ratio = On time/ Time period 1)
2.1. System Configuration

The microcontroller is an AT89S52 comes from
the popular 8051 family Microcontrollers. It is an
8-bit microcontroller with four I/O ports, and 256
Bytes On-chip RAM %

The C compiler programs are up loaded to the
microcontroller through USP programmer. To
display the output speed and the input values. It
is necessary to attach an LCD to the
microcontroller. In order to enter input data to
the microcontroller a numeric keypad is used.
The rotational speed of the DC motor can be
captured wutilizing an Infrared Receiver (IR)
sensor.

The sensor module works on the principle of
reflection of Infrared Rays from the incident
surface*. The IR led rays emits the continuous
beam of the IR rays. An obstacle has been
mounted on fan plate in order to cut the beams
and count them as shown in Figure 1.

The motor which need to be identified is gearbox
DC motor type with 12 V and 250 r.p.m rated
values. However the microcontroller board is not
enough to drive motors directly so we used some
kind of drivers. Motor drivers act as current
amplifiers since they take a Low current control
signal and provide a higher current signal to
drive the motors.

2.2. Operation and Result

DC motor converts electrical energy in the form of
Direct Current into mechanical energy. The
mechanical energy produced is in the form of
rotational movement of the motor shaft. The
motor can be rotated at a certain speed by
applying a specific voltage to it and it can be
varied by changing the applied voltage.
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The average voltage applied to the DC Motor will
depend on what is called as the Duty Cycle of the
PWM Signal as represent in equation(2) :

ton
Vaw = T X Vin ()

Where V,,: average voltage supply to DC motor
(practically measured as V motor in Table 1)

Vin : DC Supply voltage (12V)

ton : Time ON of pulse (ie.Duty Cycle),
T = period of PWM signal.
A Variable called V-pwm value has been used
which have a relation with duty cycle represented

in equation below.
Duty cycle = 0.3032(V — pwm) + 10.712 3)

The figure 2 represents different PWM Signals of
a 12V supply with different duty cycles.

Figure 3 shows the complete circuit diagram has
been drawn using Proteus software to control
speed of dc motor.

The microcontroller creates pulses of varying
width for pulse width modulation to controls the
motor speed. To change the speed of the motor,
whenever entered the value of V-pwm by using
keypad, an interrupt is generated and the duty
cycle of PWM signal varies.Timer-1 of the
microcontroller has been used for generating
PWM pulses, which is clocked using 11.0592MHz
crystal oscillator.

The base frequency is kept constant at 3.9 kHz
and the duty cycle of this wave is varied to
change the analogue level at output pin P1.7 of
the microcontroller.

The whole system is implemented in the
workshop and Figure 4 shows schematic circuit

with motor and all component combination.

The speed of Dc motor measured using IR sensor.
But in LCD has been used to display both the
speed of motor in RPM and V-pwm value. The
need for enough data to train neural network 42
reading has been recorded in experiment. Few
data of the records has been tabulated in
Table (1).

The results have been indicated that the
relationship of V-pwm value to the motor speed in
r.p.m showed that V-pwm value is nonlinearly
proportional to the DC motor speed as shows in
Figure 5. Hence, the increasing of the V-pwm
value, the duty cycle increases due to the
increment of Time ON of pulse (t,, ) which lead to
increase , the motor voltage (terminal voltage) so
that the motor will rotate faster.

In the figure (5), shows a zero speed at V-pwm
value equal to zero. This is due to the DC motor
used has a gearbox and the minimum voltage
measured at this point is 0.524V and at this

voltage the DC motor cannot be run.

3. Neural Network Implementation

In this section, neural networks have been
implemented in AT89S52 Microcontroller for
identification the DC motor system. Below are

details of this implementation:

3.1. Artificial Neural Network Algorithm

The proposed three layer feed forward neural
network used for identification is shown in
Figure 6.The ANN is first trained in C program
by Back-Propagation (BP) Algorithm using all the
reading data from Table (1). Figure 7 shows the
Representation of identification model where the
input to ANN is V-pwm value and the output is
the speed of dc motor (r.p.m).

Later, the difference between the output speed of
the DC motor (target) and the output of ANN

which is represented as error, then this error is
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fed-back through ANN to update all the weights
of the connections.

The BP algorithm is a supervised learning method
for training multilayer artificial neural
networks"®. At the beginning, the initial weights
are chosen randomly and then the learning or
training begins.

The neural network training algorithm can be

decomposed in two steps applied on figure 6:

1) Feed Forward: The input (V-pwm value) feed
forward though the neural network. Here's
how we calculate the net input for each

hidden neuron:
netp; = Y, input * wili] + b = whli] (4)

Where: nety; -Summation of the dot product of
inputs with the corresponding weights to the
hidden neuron (hi), b=1, Wb is the Bias

weight, and w1l is the input- hidden layer weight.
Then use the sigmoid function to get the output

of each hidden neuron ( Outy;):

1

Outhi = 1+e—N€thi (5)

Then the calculation for the output layer neuron,
using the output from the hidden layer neurons
as inputs. Here’s the output of neural network

formula represents by symbol (out):
out = Y2, outy; *w2[i] + b * wb[3] (6)
Where: W2 is the hidden - output layer weight.

Then, calculating the sum squared errors of the

network outputs (E):
E= Z% (target — out)? %0

target - Speed of the DC motor

2) Back propagation: Our goal with back
propagation is to update each of the weights in
the network so that they cause the actual output
to be closer to the target, thereby minimizing the

total error E.

O0E

Py (target — out) ®)

To update Wl[i] back propagation the error to
hidden layer:

0E 0E douty; Onetyj
= *
awl[i] doutp; Onety; owq[i]

®

OE

= —(target — out) * w2[i] * out,; (1 — outp;) (10)

owy[j)

* Input

Wi [i]* = wy [i] — 77 = (11)
awl[l—]

Where : w1[i]*, w2 [i]* - new update for wyand
W, , Eta (7]) - learning rate.

Then sub equation (10) into (11) to get new
update for w1[i]:

wl[i]* =w[il+ 77 * (target — out) * w2[i] *
outy, (1 — outy,) * Input 12)
And to update the W2 [i] back propagation the

error to the output layer:

OE_ _ OE _ dout is
owz[i] ~ dout  dwz[i] 13)
0E
awzll = —(target — out) * outy,; (14)
o
w2 [i]* = wyli] — 77 * 15
[i] i =77+ 5 (15)

Equation (14) sub into (15) to get new update of
w,[i]
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w2 [i]* = w,[i] + 77 * (target — out) * outy;  (16)

And repeated the process to update the weights of

Bias wh[i]and wb[3]:

J0E
0wb[i]

wh [i]* = wy[i] - 77 » @

wb [i]* =wplil+ 77 *(target — out) * w2[i] *

outp (1 —outyy) * b (18)

0E
6wb[3]

wb [3]* = w,[3] — 77 +

19)

wb [3]* = wy[3] + 77 * (target — out) (20)

Where : wh[i]*, wb [3]* - new update for the
weight bias.

Thus, the error at the output is back propagated
through each layer in order to adjust each layer
weights. First iteration of training of the output
is observed in figure (8.a), where figure (8)
represent responses of speed and also their
corresponding identifier output with respect to V-
pwm values. Weights update was continued for
(100000 iteration) till convergence of total
squared error E close to zero is satisfied as shown
in figure (8.b) the small difference between the
actual output and output of ANN can be
Weights

represented in figure (9) for randomly selected

neglected. updating  progress is

weights update to their steady state values.

3.2. Microcontroller implementation

The main limitations of the implementation of
neural network in AT89S52 microcontrollers are

the memory size and the computing speed.

However, they are inexpensive and their low

power consumption features makes them ideal for
any related applications. Furthermore, the
average cost for single chip for FPGA is 50$% and
it cost with development board is 300$, while the
average cost for single chip for AT89S52
microcontroller is 3$ and it cost with development
board is 19%.

The issue of the limitations has been solved by
using the Feed forward part of the ANN with its
trained weights. Hence, both computational time
and storage space are reduced to improve the
ANN implementation in the microcontroller for
the purpose of identification the DC motor. The
microcontroller has been programmed using Keil
C compiler. Table (2) shows the experiment
results.

It can be noticed from the results, in the last trial
when the V-pwm value was 197 the least mean
square error is more than 0.0007 which makes
the difference between target speed and ANN
outputs equals to 3.9 r.p.m. This difference in
speed is due to the heat produced in the motor

because of running it for a long time.

4. Conclusion

In conclusion, neural networks identification for
the DC motor speed control system was proposed.
Using ANN, the system is learning from the
repeated historical results so there was no need to
know neither the mathematical model nor the
motor parameters of the motor when designing
the identification system.

The back propagation technique was used to
provide adaptive estimation of the motor speed
and the training has been completed with a least
mean squared error of 0.0007, so the difference
between the actual output and the identifier
output can be neglected. Due to restriction of
AT89S52 microcontroller on code size and to

reduce the code size of neural network identifier,
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it has been proposed to use only feed forward

algorithm part.

The successful identification of DC motor will help

to build an inverse identification (NN input will be

speed of the DC motor, and its output will be the

V-pwm value), hence the inverse identifier can be

used as a controller.
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IR Photodiode

Fig. 1: Schematic diagram of IR sensor circuit and DC motor (Source: Researcher)

Vopwm-222

Fig. 2: Practical results of PWM waveform (Source: Researcher)

108



Sulaimani Journal for Engineering Sciences / Volume 7 - Number 1 - April 2020

V4
LT

control speed of dc motor using PWM in 8051 Microcontroller
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Fig. 3: Circuit diagram of microcontroller based DC motor

speed controller (Source: Researcher).
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Fig. 4: Hardware setup (Source: Researcher)
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Fig. 5: Practical result of Speed vs. V-pwm value (Source: Researcher)
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Fig. 8 : Output speed of dec motor and ANN (identified) vs. V-pwm (Source: Researcher)
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Fig. 9: Weights update progress vs. Iteration (Source: Researcher)

Table 1: Practical result of V-pwm value, duty cycle, motor
Voltage and motor speed (Source: Researcher)

— w3
—W 4
— W5
—W 6
B 1
— B2
B3

B4

V-pwm Duty cycle % V Motor [volt] Speed [r.p.m]
62 29.4 3.25 78
92 38.7 4.31 156
127 49.3 5.84 237
172 63 7.24 297
217 76.5 8.86 339
252 86.1 9.98 369

Table (2: Practical results of implemented ANN in the
microcontroller (Source: Researcher)
V-pwm Target Output (r.p.m) ANN Output (r.p.m)
87 147 147.2
147 270 270.8
212 336 336.8
94 171 171.6
132 246 246.6
247 366 365.8
197 327 323.1

m



