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On-Line Data Acquisition Using Virtual Instrumentation and Sensor-less Speed
Estimation of Three Phase Induction Motor-Neuro-Fuzzy Approach
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Abstract: This study presents online data acquisition of 3 phase voltages (R, Y and B) of induction motor
through Virtual Instrumentation (V1) with Lab VIEW 8.2 software package by interfacing with DAQ NI USB 6008
card and sensor-less speed measurement has been made by intelligent combination of Neural Networks and
Fuzzy logic called as Adaptive Neuro-Fuzzy Inference System (ANFIS), i.e., Neuro-Fuzzy approach, which has
been developed by MATLAB 7.5. The resulting conceptual neural fuzzy model contains the robustness of
fuzzy systems, the learming ability of neural networks and can adapt to various situations n real time.
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INTRODUCTION

The fuzzy modeling based technology is used to
describe a complex non linear system based on the nature
of human thinking. Fuzzy logic possesses non-linear
mapping capabilities, do not require an analytical model
m the system’s
parameters. Next, Neural network is an information
processing paradigm that 1s inspired by biological
nervous systems, such as the brain. The main advantage
of neural networle (Tin, 2003) is its learning capability of
the system in on-line and off-line. In order to utilize the

and can deal with uncertamties

individual advantages of fuzzy logic and neural networks,
fuzzy logic is implemented on neural networks, which is
termed as Neuro-Fuzzy logic (JTang and Sun, 1995).

Three phase induction motors are the most common
motors used n industrial motion control systems, as well
as 1n main powered home appliances. Simple and rugged
design, low-cost, reliability, self-starting capability, low
maintenance and direct comnection to an AC power
source are the main advantages of three phase mduction
motors. It 15 substantially a constant speed motor with a
shunt characteristic. Table 1 shows the specification of
the three phase induction motor under test. Although,
3 phase induction motors are easier to design than DC
motors, the speed and the torque control in various types
of 3 phase require a greater
understanding of the design and the characteristics of

induction motors

Table 1: Specification of the three phase induction motor (under test)

Three phase
Specifications induction maotor
Frame size 112M
Rated power (HP kW) 5/3.7
Rated speed (rpm) 1470
Rated volatge (V) 415
Rated current (A) 7.9
Frequency (HZ) 50
No. Of poles 4

these motors (Bose, 2005). Various methods including
direct torque control, vector control etc. have been
attempted and failed m the proper speed estimation of
three phase induction motors due to some limitations
(Bose, 2005). In this study, speed of induction motor with
sensor-less condition is successfully determined over
wide range with appreciable accuracy using Intelligent
Newro-fuzzy model.

LabVIEW software contains a comprehensive set of
tools for acquiring, analyzing, displaying and storing data
in which a user interface or front panel can be built with
controls and indicators (Eren and Rasan, 1998). After
building the front panel, code is created using VIs and
structures to control the front panel objects.

To build the Neuro-fuzzy model (Takagi and Sugeno,
1985), the parameters of the mduction motor have been
acquired using Lab VIEW (version 8.2) Software
interfacing with DAQ NI USB 6008 card in real time and
which can be used as training data for our proposed
model to determine the sensor-less speed of the induction
motor.
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ON-LINE ACQUISITION OF 10 DAT A TTSING
VIET UAL INSTEUMENT AT IOMN

For the pmrpose of semsor-less speed estimation of
3 plase iwduction motor, the real timme acquisition of the
3 plase mrents (i, 1, and 4, and the cores ponding speed
of induction motor uvider various lead conditiors los
heen performed & a pomarny stephyusing DAQ NI TTSE
G008 caml and those 3 plase comerds lave heen
cotrerted into 3 plase wlages with the help of Cument
o0 Voliage Converters (I-W). The second step is to create
a Lab VIEW progmm to retrieve the sampled sigimls of
induc tiom motor (thee phase curents and speed) fom the
data acquis iticn card .

Fimlly, the sampled data fiom the output of the Lab
VIEW progmin i5 expored to excel sprad sheet as
training data for Heanm-Fozzy Model o estimate the s peed
of the imducton motor. Since, the dat are stored n
colmns, firher compotation of the data iz possible. The
speed of the motor 15 stomed = avahe of ime period and
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duty cycle. These details lmwe tobe further modified and
converted into speed for the use i MATLAB

PICR TATIITHILT,
The details of NI USB &008 are listed as follows:

Eight analog impots (1251t 10 k5557

Tao analog outputs (12-bit, 150 545); 12 digital 10,
321t coner.

Bus-poaered for high mohility; boilian  siygnal
cofmectivty .

OEM version availahle

InpotRange: (+1-+20) V.

Ctput Range: -5V

Compatible with Lab WIEW, Lab "Wind oas/C VI and
Measnremert 8 ndio for Visval Stwdio. HET.
HI-D) thz dover s ofbwam and NI Lab VIEW Sigiml
Express LE intemctive data-logging softwame.

Sigal analysis inLab VIEWusing DA ssistant i5
showmin Fig. 1.
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Fig. 1 : Pulse mesmurenent and sigral aralysis in 1l VIEW E 2 using DA smsistant
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Fig 2:Front parel view of data acoquisition

The pulse measswement block in Fig | prowides
the facility to analy=e the duty oyele, pulse duration and
the time period of the signal For the acourate
measwement of the speed of the motor, the duty orcle
along with the palse duration is used in determiring the
speed.

The frord panel of the data acquisition using DAQ
G008 is shownin Fig 2.

The 3 phase cutrents in the 3 induction motor that iz
utider test hawe to be analyzed using voltage to current
cotrvertar. The mavimoum ourrent that can be alowed to
flow through the data acepistion cardis 500 mA and
the voltage level generally accepted by DACQ A00E is
10010 W DC. The marimwn samplingrate of the DAC
a00% iz 2000 samples per sec. When all the eight chatmel s
are wsed, the sanpling is evenly divided between the
chartiels allowing a maximwm of 1000 samples per
chatire].

For warious loads, currert and speed in rpem of the
induction moto are measured. The sampled data of all
these meamyeanents ate loaded as traiving testing imnat
to the proposed newo-fizzy network, which  are
represented asmat files.

The 3 phase currents in the 3 phase have analysed
using 3 differerd Crrrert to Woltage conwverters. The
woltaze level generdly accepted by DAQ E00E is-10-10
wolt D2 B, ¥V andB phase voltages and speed (1-O data)
obtained using DAQ G008 ae listed in Tabled andwhich
are usedto develop the Meuro-Fuzzy Model.

Tahle 3:1-0 data scquired by D AG 6008

E T E Tiime Speed
(frodte) (zrake) (froks) Arensech Ipm
2.2170 1.1836 15340 00425 1411193
1.3406 1.2956 05066 00417 1437 390
2.5986 1.0972 15504 00422 1421413
2.156 0.5224 0#219 00415 1445 150
2.1966 1.2602 15714 00414 1445 544
1.2098 0.2578 04252 00420 1427 120
2.1560 1.5092 05320 00417 1437 242
2.0030 1.4655 17069 00411 1456 574
2.2780 1.5753 05346 00429 1395 358
1.1691 0.2070 03743 00421 1424 599
1.7388 1.0219 13865 0041 1457301
2.6951 1.1328 12797 00416 1441226
1.3523 0.4358 06358 o042l 1424 239
2.3554 19772 09393 00413 1449 492
2.0644 1.5499 18646 00430 1395 342
2.2577 0.5475 05032 00421 1424 454
1.5711 0.4155 05117 00410 1463 300
2.0847 1.5499 15747 00414 1448 309
1.9220 0.7411 05168 00420 1427 47
1.4235 0.6485 04761 00420 1428 367
2.74610 0.9151 12441 00413 1449 345

NETRO-FUZZY MODELING FOR SENSOR-LESS
SPEED ESTIMATION OF THE INDU CTION MOTOR

Block diagram: The overall setup of the sersor-less
speed measwrement of three phaze induction motor using
N euro-Fuzzy model is shownin Fig 3.
MATLAR  software [version 7.5) is
develop the Meuro-Fuzzy Mlodel for speed estimation
of theee phase induction motor and for which online

used to
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Fig 4 Three cwrrent tovoltage correrters used

[0 data accuired from indoction motor vsing W DAQ
G002 catnbe aypplied.

The three phase voltages (B, ¥ and E) ate consi dered
ag ityndt paratheters and Jpeed (rpm) iz the oatpat
patameter of the Weuro-Frezy Model. Figore 4 shows the
three Curtent to Voltage cormrerters used for conrverting
E phase cwrent into R-voltage, ¥ phase ourrent into -
voltage andB phase currert indo B-waoltage.

The proposed HNeuro-Fuzey Model to estimate the
sensot-less speed of the induction motor is depicted in
Fig A

Architecture: In an adaptive netwotk, there are almostno
cotstrants on the node functions except piecewise
differ enti ability. Structurally, adaptive network should be
of feed forward type. The proposed nebwork architecture
is referred to as ANFIE, which iz a dass of adsptive
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Fig 3: Newo-firzy model of the process

tietarotks andis faet onally equivalent to Az inf e ence
gystemms (Jang, 1993 AWNFLE statwds for adaptive network
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Layer 4

Fig. 6: ANFIS architecture

based fuzzy inference system or semantically equivalently
Adaptive Neuro-Fuzzy Inference System. ANFIS
inplements Takagi-Sugeno fuzzy rules ina 5 layer MLP
network. Back Propagation is used to modify the initially
chosen membership functions and least mean square
algorithm determines the co-efficients of linear output
functions.

For a fuzzy inference system with two inputs x and y
and one output z, a common rule set with 2 fuzzy if-then
rules is as follows:

Rule 1: IF x 18 A and y 18 B, then

fi=pxtqytn (1)
Rule 2: IF x 18 A, and y 18 B,, then
L=pxtqyvrr (2)

General architecture of a Neuro-Fuzzy model i1s
illustrated in Fig. 6.

The above ANFIS Architecture
architecture.

18 5 layered

Layer 1: Tt is composed on n-number of fuzzy membership
functions and every node i in this layer is an adaptive
node with a node function

O, =, (x), fori=120r (3

O, =ty (v), fori=3,4 4

where, x(or v) 13 the input to node 1and A, (or B ;) 1s a
linguistic label associated with this node. O,; is the
membership grade of a fuzzy set A (=A,, A,, B, or B,) and
it specifies the degree to which the given input x (or y)
satisfies the quantifies A. Usually, we choose 1, (x) to be
bell shaped with maximum equal to 1 and mimimum equal
to 0, such as:
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where, {a, b, ,c} is the parameter set. As the values of
these parameters change, the bell shaped functions vary
accordingly, thus exhibiting various forms of membership
functions on linguistic label Ai. Parameters in this layer
are referred to as premise parameters.

Layer 2: In Layer-2, each node calculates the firing
strength of each decision rule via multiplication and every
node in this layer 1s a fixed node labeled B whose output
1s the product of all the incoming signals.
0= 0= Py (x). pe(y) fori=12 (M
Layer 3: Tt normalizes the conjunctives membership
functions to rescale the mputs and every node 1in this
layer 1s a fixed node labeled N, the 1th node calculates the

ratio of the 1th rule’s firing strength to the sum of all rule’s
firing strengths.

@ (8)
0)1 -+ COZ

O, =,

1

For convenience, outputs of this layer are called
normalized firing strengths.

Layer 4: Every node i in this layer is an adaptive node
with a node function

O, =wt=wW(px+qytrn) (9
where, ;15 a normalized firing strength from layer 3 and

ipi, g, 1; ¢ 18 the parameter set of this node. Parameters in
thus layer are referred to as consequent parameters.

Layer 5: The single node in this layer is a fixed node
labeled %, which computes the overall output as the
summation of all mcoming signals, which 15 of real
{quantitatively) number.

Overall output = O

51 =

Z mif1
Z CC'1:[‘1
= Z mi

i

(10)
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Fig. 7. Five-layer architecture of the neuro-fuzzy model

For our proposed work, an adaptive network, which
1s functionally equivalent to type-3 fuzzy inference system
was developed. The input fuzzy membership function
parameters and output consequent parameters are learned
by the role of Back-Propagation Neural network.

Figure 7 shows the Five-layered architecture of the
Neuro-Fuzzy Model of the speed estimation process.

Membership functions: A membershup function 1s a
curve, which shows the mapping of every pomt mn the
input space to a membership value between 0 and 1. The
parameters associated with the membership functions
changes through the learning process provided by the
neural networks. For membership function parameter
estimation, the combination of least squares estimation
and Back propagation algorithm is used. The adjusted
Membership functional diagrams of mputs of the process
are shown in Fig. 8 (a-c).

Rules developed: The rules developed (Lin, 1992) to
estimate the speed by Neuro-Fuzzy model are listed as
follows:

If (R-voltage is in 1 mfl) and (Y-voltage is in 2 mfl)
and (B-voltage 15 m 3 mfl) then (Speed (rpm) 15 out 1
mf 1) (1).

If (R-voltage is in 1 mf2) and (Y-voltage is in 2 mf2)

and (B-voltage is in 3 mf2) then (Speed (rpm) is out 1
mf2)(1).

If (R-voltage 15 n 1 mf3) and (Y-voltage 15 in 2 mf3)
and (B-voltage is in 3 mf3) then (Speed (rpm) is out 1
mf3) (1).

If (R-voltage 1s inlmf4) and (Y-voltage 13 in 2 mf4)
and (B-voltage 15 n 3 mf4) then (Speed (rpm) 15 out 1
mfd) (1).

If (R-voltage is in 1 mf5) and (Y-voltage is in 2 mf5)
and (B-voltage 15 n 3 mf5) then (Speed (rpm) 15 out 1
mf5) (1).
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Fig. 8 Membership functional diagrams of three inputs
of the process

The above rule base contains only dommant rules by
eliminating the redundant rules and due to less number of
rules the rule firing is simple and which also reduce the
computational time.

The estimated output speed through the Neuro-Fuzzy
Model is listed in Table 3 shows the comparison between
the observed speed (rpm) and estimated speed (rpm) by
Neuro-Fuzzy model and Statistical model (developed by
MATLAB software).

Validation: Figure 9 shows the closeness between the
original observed output speed and the Neuwro-Fuzzy
Speed and Fig. 10 shows the closeness between the
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Tahle 3: Compatison perfonmatce of Speed estimation methods

Table 4. Validation of different models

Observed speed Mevro-firzzy Statistical
Crpa speed Crpmi) speed (mm)
1411.194 1412.01 1441.94
1437.391 143811 1439.39
1421.414 1421.00 1451.44
1445181 1444 98 1461.58
1448.544 144757 1441.54
1427.121 1428.02 143762
1424.840 142484 1424.02
1449493 144950 145242
1395342 1395.43 1396.98
1424.454 1424.50 1464 .45
1410765 1410.76 1410.02
1434.325 143503 142465
1418513 1417.95 1419.55
1402.590 140259 1410.56
1423793 142479 1423 88
Comparisonbetween chtained spead
and Meuro-fuzzy esimated speed
1540 T — T .
Chtained speed (rprm)
1520} Wewro-fuzzy medel
speed (rrem)
1500
1480
E 1460
o
D 1440
B,
177
1420
1400
1380
1360 L L L L I L L
0 500 100 150 200 250 300 330 400

Ho. of samples

Fig_ 9: Plot of observed and Neuro-Fuzzy estimated speed

original observed output speed and statistically obtained
Speed (using linear regression method).
The performance of the Neuro-fuzzy modeling for

speed estimation (Tarmia and Hori, 1993) 15 asseszed by
evaluating the scatter between the above 2 through
Index (PI) and DPercentage Standard
Dewiation (SD%). The performance index has been
defined as the root mean square of the output errors (the
differences between the practically observed data of the
original system and the result data of the system model).
Table 4 shows the validation of the fuzzy qualitative
model through PT and SD (%0).

Performance

(1)
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Mame of the model Performanc e index (FID SDCva
Mewro-fuzzy model 0.606 274
Statistical model 3215 545
Coraparizon hetween observed speed
and statiztical meazured speed
1700 . . - .
Obzerved spead (rpem)
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Fig. 10: Plot of observed and statistically estimated speed

where:

x; = Predicted model output.

X; = Observed data.

n = Number of output values.
CONCLUSION

To increase the performance of sensor-less speed
estimation of three phase induction motor, a new
estimation procedure using the combination of both Back
Propagation Neural Network and Fuzzy Logic called
Neuro-Fuzzy Model was introduced. The on-line I-O
data from the induction motor were acquired by using NI
DAQ 6008 propetly and used to develop the proposzed
model. A 5 layered Adaptive Neuro-Fuzzy Inference
System (ANFIS) network was developed for zenszor-
lesz speed estimation with respect to the acquired on-
line data The developed model was also validated
through Performance Index and Percentage standard
deviation. From the companson purpose, a statistical
model was also developed by using linear regression
method. From the performance of different speed
estunation models and their validation, the Neuro-Fuzzy
model has the ability to estumate the sensor-less speed
(rpm) output accurately.
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