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ABSTRACT

In this research, we propose a torque estimation without using a torque sensor
for applying to robot operation to reduce production costs and the complexity of
robot design. The objective of the research is to compare the efficiency of the torque
estimation with machine learning, which focuses on real-time operation. This research
has designed and built hardware devices used for experiments based on the operation
of the robot arm. The operation of the robot arm uses a brushless dc motor to operate.
This type of motor is a 3-phase motor that can take back electromotive force to
analyse to find information which will lead to the torque estimation. Controlling a
brushless dc motor using a vector control method, also known as Field orientation
control, is a 3-phase motor control that makes the most of torque performance. The
experiments in this research have chosen to use variables that are a part of motor
control method because that variable has a direct change to the torque of the motor.
The regression model, Support vector machine and Neural network can be used for
torque estimation. The experiment will include both offline and online experiments,
including application to the robot arm to see the performance. In an online
experiment, the Neural network model provides the best solution when compared to
a torque sensor. However, it takes much more estimation time than the Regression

model.

Keyword Torque Estimation, Brushless DC motor, Sensorless control techniques
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1.2.1 Position and Speed Control of Brushless DC Motors Using

Sensorless Techniques and Application Trends [1]
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1.2.2 A Motor controller using field oriented control and hall

effect rotor position sensor: simulation and implementation [2]
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1.2.3 Instantaneous Torque Estimation in Sensorless Direct-

Torque-Controlled Brushless DC Motors [3]
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1.2.4 Electromagnetic torque and speed estimators for permanent
magnet synchronous motor drive system [5]
uIdgiladnausnisly Field orientation control lun1saiuny
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A9 1.4 Taseasansauautaweseie Field orientation control

1.2.5 A Nonlinear autoregressive exogenous (NARX) neural network
model for the prediction of the daily direct solar radiation [6]
a v -dy ¥ = vV . .
MmATeillayatiensldnsyuiunis Machine learning Tun1suszana
Arazintuluswianlaedudayaluguuuuves Time series Mludoyaiilidudaduus
drusavinursalalaenisldluinaves Nonlinear autoregressive exogenous (NARX) 7
N3UIUNsUTEIIaNaves Neural network Wunislddeyalutiagiusuiudeyaluedisly

nsUszanA1vesteyanfenisiudagiu

1.2.6 Monitoring of induction motor load by neural network
techniques [7]
a o ‘;J Y o a (574
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uwazuansaiioldlun1suszanaAisliuureiusedaminiu waglaoufisunanleiy
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2.1.1 damashsudseanu (BLDC motor) [8]
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A 2.2 dyyadlunszuaunisves Field orientation control

2.1.3 msUszunauawssianedyyraliirdaunaudieaunns
Electromagnetic Torque [9]
nNsiduewas 3 wlalunismivnuueineseaie Field orientation
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3p . .
T, = ~ (godlq — (pqld) (2.3)
3p . .o
T, = ~ (Pmiqg + (Lg — Lg)igig) (2.9)
3p .
Ty = - ((pmlq) (2.5)

MAauMsH 2.1 war 2.2 anunsathluunuanluaunisvesnis
Usgsnauusedaluannisd 2.3 Tnsazldaunseenunegluguaunisi 2.4 esanueines
yiinlfudsearuiiamioaihmsliiues Direct wag Quadrature fiwiniu sivlanansaan
aunsadld silildaunsgasiemuaunisi 2.5 Taeiild p Aedaulnaveswenes uay

T, fo usstamsluin

2.2 BaNAWITEUSUNSIIUIY
Tusuldeaesnisussunuansstnainuetnasingldnssuiun1sves
Machine learning Tnazidenlilumaiidansmiontulusunsuuazansnsoiausegndly
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2.2.1 Regression model
nann1svesluina Regression Aldavsdu Linear regression [10]
. . = & a ¢ o € ' Y I
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2.2.2 Support vector machine (SVM)
nann15v09luLAa Support vector machine agtdun1531AS18%
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2.2.3 Neural network [6]
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\38u3 (Feed forward network) 484 Neural network dusuldlunisuseunurdayaly
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2.2.4 Root mean square error (RMSE)
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2.2.5 Regression value (R value)
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4\ Neural Time Series (ntstool) = o X

@ 1 to the Neural Time Series app. @
Solve a nonlinear time series problem with a dynamic neural network.

Introduction Select a Problem

Prediction is a kind of dynamic filtering, in which past values of one or @ Nonlinear Autoregressive with Exteral (Exogenous) Input (NARX)
more time series are used to predict future values. Dynamic neural

networks, which include tapped delay lines are used for nonlinear filtering Predict series y(t) given d past values of y(t) and another series x(t).

§  and prediction.

There are many applications for prediction. For example, a financial analyst ) (-¢ ¥ = fxtt- 1) x(t-d),
might want to predict the future value of a stock, bond or other financial yit-1),..y(t-d)
instrument. An engineer might want to predict the impending failure of a

jet engine.

et O Nonlinear Autoregressive (NAR)

Predictive models are also used for system identification (or dynamic

modelling), in which you build dynamic models of physical systems. These
dynamic models are important for analysis, simulation, monitoring and

control of a variety of systems, including manufacturing systems, chemical 9| yo =ty ywan
processes, robotics and aerospace systems. (_‘

This tool allows you to solve three kinds of nonlinear time series problems
shown in the right panel. Choose one and click [Next].

Predict series y(t) given d past values of y(t).

O Nonlinear Input-Output

Predict series y(t) given d past values of series x(t).

Important Note: NARX solutions are more accurate than this solution. Only
use this solution if past values of y(t) will not be available when deployed.

x® [_}«ioo_] YO = fx(t ). xed)
B To continue, dlick [Next]. 1

& Neural Network Start W Weicome * Back @ Cancel

AN 3.15 JUMBUNISYIN Time series neural network 1

|| 4\ Neural Time Series (ntstool) = o X
i3 Select Data
1! What inputs and targets define your nonlinear autoregressive problem?
Get Data from Workspace Summary
Input time series x(t). Inputs ‘Feature'is a 59136 matrix, representing dynamic data: 59138
B inputs: timesteps of 6 elements.
!
Target time series, defining the desired output y{t).
@ Targets: Torget = argets ‘Target' is a 591381 matrix, representing dynamic data: 59138

timesteps of 1 element.
Select the time series format. (tonndata)

Timestep: O {) Cell column O[] Matrix column @ [E] Matrix row

Want to try out this tool with an example data set?

Load Example Data Set

] 4
B To continue, dick [Next].
% Next

& Neural Network Start 1 Welcome @ Back

@ Cancel

AN 3.16 JUMBUNITVN Time series neural network 2
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-
i Validation and Test Data
H Set asi i nd testing.
Select Percentages Explanation
& Randomly divide up the 59138 target timesteps: & Three Kinds of Target Timesteps:
@ Training: 55% 32525 target imesteps @ Training:
SR I i The ing training, and is
@ vaidation: [2% v] TS tanget Bmesteps || L o aed according toRs eror,
Testin 2% 11828 target timesteps
. % —_‘_J . Validation:
These I and te
| @ when generalization stops improving.
@ Testing:
de measure of
network performance during and after training.
|
4
Restore Defaults | [ @
W Change percentages if desired, then dlick [Next] to continue.
| @ Neural Network stert | | il Welcome | [@eack || @ Net | | Qcancel |

AN 3.17 TuURBUNISYIN Time series neural network 3

4 Neural Time Series (ntstoo o
‘ Network Architecture
Choose the number of neurons and input/feedback delays.
Architecture Choices Recommendation
Define a NARX neural network. (nancnet) P or delays i the
etwork does not perform well after traini
Number of Hidden Neurons: 30 » i
d in open loop form a5 shown bek
Number of delays d: 5 Open loop (single-step) is more efficient than closed loop (multi-step)
training. Open loop ith correct past
Problem definition: ) = - mx-d)yt-mylt-d) outputs P
After training, the network may be converted to closed loop form, or any
other form, that the spplication requires.
Neural Network

HH Welcome @ Back

) Change settings if desired, then dick [Next] to continue. ' :
& Neunl Network Start | | @ Net

Q concel |

AN 3.18 TURBUNISYIN Time series neural network 4
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4\ Neural Time Series (ntstool) - o X

Train Network
Train the network to fit the inputs and targets. O
Train Network Results

Choose a training algorithm: & Target Values () MSE “r

Levenberg-Morquardt. W Taining: 32525
@ Validation: 14785
This algorithm typically requires more memory but less time. Training
automatically stops when generalization stops improving, as indicated by W Testing: a2
anincrease in the mean square error of the validation samples.

i g Lexenbieny Maromdt i) Plot Error Histogram Plot Response
&) Train - @ Plot Error Autocorrelation Plot Input-E:
Notes
w Training multiple times will generate different results due Mean Squared Error is the average squared difference
to different initial conditions and sampling. &) between outputs and targets. Lower values are better, Zero

means no error.
Regression R Values measure the correlation between

[#) outputs and targets. An R value of 1 means a close
relationship, 0 a random relationship.

© T1rein network then dick [Next]. l

1 Welcome @ Back » Next @ Cancel

AN 3.19 JUMBUNITVN Time series neural network 5

i e 10t Vew imet ook Ouitup Widow Moy
. Best Validation Performance is 0.096014 at epoch 33

Moan Squared Error (mse)

Output ~= 1*Target » 0.00tput ~= 1*Target + 00007
B9 3

AN 3.20 TUMBUNISYIN Time series neural network 6
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MATLAB Simulink Tun1smivausamesiasinunuide ludiunisesniuuaunsaldmsu

[

MNAae9aLlsluswnsy Solidwork Tuunilazinausniumdonid
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AN5199 4.1 WISmsUBLADS

Motor parameter Value Unit
Pole 8 Pole pair
Rated speed 4840 RPM
Stator resistance 0.43 Q
Stator inductance 0.00014 H
Rated voltage 24 \%
Rated torque 0.13 Nm
Gear ratio (Harmonic gear) 100:1 -

Static torque Motor gear
sensor
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4.2 nan1vaaaslumsuszanuaiuseda
HAN1INAA0INTITUTEUIAMTITAINNITATUANNDIN DS IAETY Machine
leamning TunsuszanmuAussTalunvuvusud lnslunismaaesazldanuiiaaed lu
nszUIuM I sudiiieaindunadiviunisussinaausdnazisuainnisiiudoya Motor
test bench wagyhmsidendnwaieu evinsBeuilumeauihluglunavesnsuszana

AMSITANINAINT 4.6 nTUL AT F1LSALAIU1YIINTZUIUNITUTLUUATILSITALUY

povlatuazosulall
Torque
Feature Learning
Motor test bench | _ estimation
collection process
model

dl 1 a
AINN 4.6 NSTUAUNTUITZUIUAILTIUR

4.2.1 wan1snaaasn1suszanuaLssiauuuasanlay
lunisnaaesazidonldluinaves Time series neural network,
Linear regression ag Support vector machines Lﬁlaamammﬁmwmmz%’i’mNami
Uszanaausedatunssdaildanmumes Tnlunisusyuiaaiussdnazldlvand 1, 2, 3
uag 4 kg ImaLﬁmIMaﬂﬁuLﬁamummauLLaz%mmaﬂmmmmﬁaﬁ 700 , 1000 , 1200

Waz 1500 RPM U0IuDL905

4.2.1.1 Time series neural network
Iu\ﬁu’?ﬁ}&ﬂﬂﬁaﬂiﬁuma%m Nonlinear autoregressive
exogenous model #38 NARX model[6] dmsunszuiunisuszanuminuy Neural network
mMuualAiiduIL Hidden layer i1y 30 layer wagld#endu Hyperbolic sigmoid tangent
Juodnailsiduluanddeliwianisnaasudu 4 nsRaeITsiAwes TDL fnieiufe 1,
5,10 uay 20 lnedayaves Train, Validation uaz Test lagnuusdaaiuidu 55:25:20

AIUAIAU
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TDL =1
= Response of Output Element 1 for Time-Series 1
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ANA 4.7 Han1snNAaeeuad neural network 3 TDL winnu 1

TDL = 10
5 Response of Output Element 1 for Time-Series 1
T T T 1
- Training Targets
10- | + Training Outputs
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AN 4.8 Han1sNAaeeuad neural network 78 TDL 1A 10
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TDL = 20
e Response of Output Element 1 for Time-Series 1

| I l | = Training Targets
10- + Training Outputs ||

- Validation Targets
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_15 1 1 | | | | 1
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Time %10*

AN 4.9 Han1sNAaeeuad neural network 713 TDL 1A 20

AN519% 4.2 WANNSNAABIYRY Time series neural network

RMSE R value Training time (sec)
TDL =1 0.138 0.995 22
TDL =5 0.110 0.996 66
TDL = 10 0.106 0.996 265
TDL = 20 0.101 0.966 891

919157297 4.2 azwulaindledien TOL Aiunduaziiliien
RMSE fusie waszldiaanlunisiseuiunndumeuiu efnlunaniswes RMSE Wiy

0.038 WALYIaIAN9AUNY 40 Windlosigun TDL winAu 1 wag 20

91NN15NAA9N TDL WAy 5 YulUaziulaiifivss R

value wihfiume we TOL 7w 5 Tdandesndy TOL Avindu 10 o 199 Fundl @sldiaan
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Uszillusee RMSE, R value waghianlunisiSeuslueg

4.2.1.2 Regression model

dy Y A . .
nisnnaellaldenluinaves Linear regression tha e

Stepwise regression @slaldlassasislunisuisteyares Train wag Test lagnuusdnsdiu

1 80:20 suasiu

Response (torque)

Response (torque)

Linear regression

| * Sensor
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-
o
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o

.
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A8
o

Record number <104
< . .
AN 4.10 NaN1TNAABIVDY linear regression
Stepwise regression
* Sensol
1o
5| @ i .
4 2 : qif
or _ » '
1 o ! i
-5 i :
10|
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| | | | | | I | | |
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R399 4.3 HAN1TVIAADIUDY Linear regression model

RMSE R value Training time (sec)
Linear regression 1.385 0.933 6.134
Stepwise regression 1.177 0.954 34.435

NAS19 4.3 98U Stepwise regression @1N15OLANG
nM5UTEIIUAIEAIUDY RMSE tag R value AN Linear regression waztiloluniinsigiika
Wa29E9iUI1 Linear regression liikafiuginin Stepwise regression 8¢ 0.208 Tuvauziivaan

dwiussuslueadesndi 28.301 Jun

4.2.1.3 Support vector machines
nsnnassilnidenlumann 3 lawausenauluaie Linear
SVM, Quadratic SVM Uag Medium gaussian SVM lagldlassasnslunisudsteyaivilouiiu

AunTelued Regression model

Linear SVM

||+ Sensor
Linear SVM
——Errors

=
o

o

o
T

'
(4,
T

Response (torque)

=
o

g
o
T

Record number «10%

AN 4. 12 NaN1TIAABIY8Y Linear SVM



Quadratic SVM
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* Quadratic SVM
10 Errors
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n
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=
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Record number

x10*

mwﬁ 4. 13 4an1519ae9u9d Quadratic SVM

Medium gaussian SVM

‘ * Sensor
10 fe Medium Gaussian SVM
—Errors

o 5_
E
|
& o
-10 -
R : s 5 9w
Record number x10*
AT 4. 14 Han15MPaeIves Medium SVM
mi’mﬁ 4.4 NanN1INAaBIYBY Support vector machines
RMSE R value Training time (sec)
Linear SVM 1.452 0.927 19418
Quadratic SVM 1.4 0.933 25076
Medium gaussian
0.965 0.97 7055

SVM
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9NM57 4.4 aziuléan Medium gaussian SVM @11150
TidmeuldfgaileUssifiufien RMSE uag R value uaglidanandesiigade seaun
210U Quadratic SVM \ileLflsusaonaved RMSE uag R value fidnafusyil 0.052 uay
0.006 AwEFy uidufisuseszezialunsUszanaAussinazdu Linear SYM fivilel
#in71 38 Quadratic SVM T613a13nnnn Linear SVM ogfla 5658 3undl u3e 1.34 Faluslu
nMsUszanae uaziflewfiouiunadile Seagulddn Linear SYM lidnauuagzinailunis

Uszanaalaanin Quadratic SYM

AN5199 4.5 NanIstUSeUeuYae RMSE wae R value Tulsazluing

RMSE R value Training time (sec)

Neural TDL =1 0.138 0.995 22
network TDL =5 0.110 0.996 66

TDL = 10 0.106 0.996 265

TDL = 20 0.101 0.966 891
Linear regression 1.385 0.933 6.134
Stepwise regression 1.177 0.954 34.435
Linear SVM 1.452 0.927 19418
Quadratic SVM 1.4 0.933 25076
Medium gaussian SVM 0.965 0.97 7055

1NA15197 4.5 ziuladluinaves Neural network 19

£ '
1 =2 IS a1

AnaulanfgnfaliA1ued R value MNALAEY 1 d3uA1vad RMSE agRvwiladiFnuas TOL 9
WNTU uflaiieuieswatiattunsisousn TOL winiu 5 aglimeeuldafian sesamndu
11LAaY89 SYM Aw Medium gaussian A1%A1 RMSE wag R value wailaiianlunisiseuunn
A o ) . ! I3 . . g Yoo vl
Woleunulunaves Regression wagmaunaziduluma Stepwise regression NliAnaulad
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q

4.2.2 nan1snaasinisuszanaansslnuuusaulay
drusunantsnaasid avidenluinad aunsaUssuianauuuese
lulasreulnsataefldiioldlunisvaassiugunsalinusstnass §9az1438 Time series
neural network Wag Linear regression model Lﬁ'aqmﬂﬁmm%’u%’auﬁllﬂqaLﬁuiﬂu,az

ansadludssaanauuuesalulasaeulnsamesla dadiunisuisteyaldsunuuiiendu
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nsnaaeswuusenlall Ingld Time series neural network azuustayasenidu 55:25:20
wagld TOL windy 5 1leainuanisnaaesdiiiumansalinalubouilunaveanis
UszgsnamussdntosudndlinaiiafigaileUssifiusoawes RMSE wag R value waglu
d9u Linear regression model 9zysdayasenidu 80:20 4 awan15158u391n Machine
learning 7iaznlUUszinanavuvesalulasneulnsaaeslunisnaassnseiarldainnis
naaosneunthivianun tnslunsvasodldusoandu 2 nadl Ae InanAsil (Load constant)
way Tnanuuuriuiivivle (nstantaneous torque) wagldna1andadi 700 rpm , 1000 rpm waz
1200 rpm @ 1500 RPM 2¢lalldlunsveaesiitiossnnmaveaesteunthnuinilesines

fanusiunnazyinlmiannisunlavadiuanuniuluvinlia usadaiinlaaneuieasinis

WA9uNbUARe
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4.2.2.1 aAusafi 700 RPM

Torque prediction with Neural network
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a
AN 4.16 NaN1INAaeIYee Neural network
20 Torque prediction with Stepwise regression
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AW 4.17 HANITVINABIVON Stepwise regression



Torque prediction with Linear regression
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10+ I
" —Sensor
c
Z of ‘,_.]"_,- I- ull
Q
3
S0 =
=
20 I | I
20 40 60 80 100 120 140 160 180
. RMSE = 1.1798
: ! I—Ermr
£
&,
sé 0
Iy
5 | | |
20 40 60 80 100 120 140 160 180
Time
A . .
NN 4.18 NAN1TNAABIVBYN Linear regression
0 Torque prediction with Electromagnetic Torque Eq.
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ATl 4.19 HANSVIAABIVEN Electromagnetic torque eq.

15 T T T
- - -Sensor
—Neural network
Stepwise regression
—Linear regression
. — Electromagnetic torque Eq.
=
Z.10
c
o
S
°
I
a
)
S
2 5 T
(]
(2=t
0= = | _— | | L
0 2 L 6 8 10 12

Torque Measurement (Nm)

a a v ! Ao v v s
AN 4.20 Naﬂ'ﬁlﬁﬂﬂsﬂaﬂﬂaig‘wqqﬂNa‘Vl'J@vL@ﬂ‘UNa'ﬂ']ﬂL‘ﬁumﬁ@i



av

d' & o a o w a a
NNANITNARBINAINAULTIN 700 rpm A11190L38981AUUTLANTNIN
m1uA 1 RMSE lamiud  Neural network, Linear regression, Stepwise regression,
Electromagnetic torque eq. 1Ay Neural network , Linear regression LWay Stepwise
a1 a

regression 1A RMSE 11U 0.815 wag 1.179 uag 1.424 muanau F98A1ANNRanaInv

Tranaaiwazluan bl aedi lud 19N Ilranuin 1NANA 4.20 a2LHUI 3 TuAadIulsn

v
a o Aa

UszanuaussdnflnalAssiuaensdsessugesiduussdntula @ Electromagnetic
torque eq. WaunsauszauavuInveuselalaudaiuisavenfsgunuuiiinduves

wseale

4.2.2.2 aAAE2% 1000 RPM
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AN 4.21 Nan15nnaeeuad Neural network
20 Torque prediction with Stepwise regression
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Torque prediction with Linear regression
I I
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NN 4.23 NaN1TNAABIVDYN Linear regression
. Torque prediction with Electromagnetic Torque Eq.
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AN 4.24 NaN1TAap9UpY Electromagnetic torque eq.
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' 2 a o w
IANANIINAABIN AITULTIN 1000 rem @149t g3a1nu

Usgd@nsaawmium 1 RMSE La mauil  Neural network, Linear regression, Stepwise

regression, Electromagnetic torque eq. 1a®g Neural network , Linear regression LLag

Stepwise regression 9#1 RMSE 1¥1f7U 0.848 , 0.933 wag 1.093 AMuaIAU 49 Neural

network HA1ANURANAIA NI NaAAINTLYINTINEANIN IINAMNT 4.25 LU 3 Tuea

ANU150USTUIUALSIT AN INALALINUAID19D 990U e DS (duUssaUnIw)le a1y

Electromagnetic torque eq. TausaUszuaA1auInvesnsitdalaunaiuisauania

sULuUAnTuYeLsUale

Torque(Nm)

Error(Nm)

Torque(Nm)

Error(Nm)
5 o

W*]
(=]

4.2.2.3 A27U52% 1200 RPM

Torque prediction with Neural network
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AN 4.26 Han1sNAaaauad Neural network

Torque prediction with Stepwise regression
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AN 4.27 NAN1TINABITBY Stepwise regression
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Torque prediction with Linear regression

20 | I I
—Sensor
’é‘ 10 —Linear regression
=
g0
=4
2 -10
20 | | | | | |
20 30 40 50 60 70 80 90 100 110 120
RMSE = 2.0191
20 I I
—¢Error|
T 10k 4
s 10 i ‘1;‘:,
g
i O
10 | | | | | |
20 30 40 50 60 70 80 90 100 110 120
Time
= . .
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15 T
---Sensor
—Neural network
Stepwise regression
—Linear regression
—— Electromagnetic torque Eq. _—

Torque Prediction (Nm)

0 2 4 6 8 10
Torque Measurement (Nm)

A9 4.30 nansiseadeyasyinmaninlatunaanuees

a & a o w
INNANITNAABINAINULIIN 1200 rpm @1UTALIEIANU
Usgdnsnineiua1 RMSE laa1ud Stepwise regression, Linear regression, Neural
network, Electromagnetic torque eq. Tay Stepwise regression ag Linear regression i
A1 RMSE 111AU 0.884 Way 2.02 m1ua1avu @21 Neural network dA1A1uHANAIALINT
nanAsfilureiillnanuin F98A1 RMSE windu 2.61 31na 9 4.30 agtiiudinie 3 lauwna
| a A Y o 1Y a ¢, v N % a v
d1u1saUsranuALsItan ndLAgeiua19 198 snaaulees (dudssduniuwle diu
Electromagnetic torque eq. lu@mnsauszuiua1vuInvesLssdalausainisavonis

‘NI a g a 1%
EULL‘UUVILﬂWUuGUENLLNUYﬂIW
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AN5199 4.6 HANNSUSEULIEUYY RSME WazA1 R Updhmazluma

700 RPM 1000 RPM 1200 RPM Time
R R R prediction
RMSE RMSE RMSE
value value value (ms)
Neural network | 0.815 | 0.989 | 0.849 | 0.984 | 2.610 | 0.757 35
Linear
1.18 | 0.967 | 0.933 | 0970 | 2.019 | 0.851 1.35
regression
Stepwise
1.424 | 0.932 | 1.093 | 0.957 | 0.884 | 0.968 1.35
regression
Electromagnetic
3.425 | 0.894 | 3552 | 0.893 | 3.314 | 0.837 0.2
torque

NAN5197 4.5 2eiuldin Neural network ansnsauseanas
Ausadalddfignd 700 uag 1000 RPM LiloUszifiuaind RMSE wazAn R value Ausg
Linear regression , Stepwise regression Lasdidn135¥89 Electromagnetic torque a1u
ATl 1200 RPM fiufiea Stepwise regression Aildirmaudidin RMSE sndn 1 waaandl
Taluiszanaatssdn Neural network f\]ﬂﬁfﬁammﬂﬁfjﬂagjﬁ 3.5 ms @ Linear regression
Lae Stepwise regression ﬂﬂ‘i’fnmwhﬁua&‘jﬁ 1.35 ms bagaun15v8y Electromagnetic
torque Halunsussanurtiosfignogi 0.2 ms udaunisiliamisavenisaives

wsadald wiaiunsavenlaiiesguuuuveussdawinuy 1fesinan RMSE asda1adny

Hana1ngenn winquilenves R value AlnalAea 1
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4.3 NAN5NARBIYBINTTUsEUUAMTITARI8N1319809 U FULUUVBIUIU LB UA
lumsneassazuisoandy 4 nsvnassmuAILTI0ARAI 9 Fausigaeusedn
ALasiiuiud oy 9 luusazrrsanusiuseneuluaae 3,5, 8 way 10 Nm laglunns
naaesazldlunadildannanisuaasedi 4.2 AenanismaasinisusziaaIwsadaunuy
soulaivsefidunisussananavuvednlulasneulnsaiaesdaeilumaves Time series
neural network ﬁ TDL 11U 5, Linear regression Way Stepwise regression ?fﬁqﬂﬂiajﬁ
T¥dmunmsmaassdnddgunsaivaientu wilunmsmuguussdafioldlunsdassingd
TiAamsnsnunsonseunnagldatseen (nseuduns) fanunsadenguldundalinuam
715.1 leuvujusudisnass (nseudidie?) dnmsnseyudhiuayiefivnnsegessiliiinuseda
Junazuruusussiomeantsinuiiderussdaiuaiidinualy nelunimaaesas
Muakssdnlun1smuANNISNEAveNBWBs LagyNTUTeUEULSITAINNITUSEL QAN
wazusedniiialsifiegarmnuiianansluisazirsussdauazamiiivesemes uazlunnsg
nnaesiaylildaunis Electromagnetic torque lun1snaass Lesinaunisildanunsals

AmnoUTIuIdaflndlAssAasals wianunsausnisngAnssuveausedafifiaduleinty

AMN5.1 9UNTAINIITNARDIINRBINITVINUYDIIUYULUA

Tagmuuali Latency Tuming ms Aonsinsseina1iianuseninieuges
a i a A a i a ao a | Aoy A a
wsedanarnisuseanaausadniioiiuaAusetnfifivue , Method Aa A inlaiianssn
a 1 1 dl o d‘ v o 1 1 & U dIQJ
Wundrrimuaiiedenisuganisinauvesiusuiluudazluwea uag Sensor AoATIn

PINLULLDST 8 1IATNNTUTEUUANLTIDALSITALAUAIN AN AUR
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N15NAaRe 4.3.1 usedALinAu 3 Nm

ANS19% 4.7 wSI0AINAU 3 Nm

Latency Method Sensor |Error|
Model
(ms) (Nm) (Nm) (Nm)
Linear
10 3.37 2.95 0.42
regression
Stepwise
700 rpm 10 3.11 2.90 0.21
regression
Neural
10 3.07 3.32 0.25
network
Linear
15 3.17 3.20 0.03
regression
Stepwise
1000 rpm 20 3.40 3.21 0.19
regression
Neural
10 3.10 3.33 0.23
network
Linear
20 3.32 3.28 0.04
regression
Stepwise
1200 rpm 15 3.17 2.45 0.72
regression
Neural
10 3.23 3.17 0.06
network

a" 1 d" = < d‘ d%’ v 1
INNISNAABINA 4.3.1 WU adlAus1unTuazldiarluuszunaan
w0 LY UFINSU Linear regression ag Stepwise regression @11 Neural network 14
LA TUNSUTELIUANTNTUNG 3 A1UL5) T9919 3 TaLmaliANANURANAIAYDI wSITATUANS

Uszanauaeunuwsadaninlalidiiy 1 Nm
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N15NAa9N 4.3.2 wSaUAMNAY 5 Nm

AN5199 4.8 bSI0AWNAU 5 Nm

Latency Method Sensor
Model |Error| (Nm)
(ms) (Nm) (Nm)
Linear
15 5.18 5.34 0.16
regression
Stepwise
700 rpm 5 5.23 5.05 0.18
regression
Neural
20 5.03 5.45 0.42
network
Linear
10 5.13 576 0.63
regression
Stepwise
1000 rpm 15 5.17 572 0.55
regression
Neural
15 5.12 5.60 0.48
network
Linear
15 5.04 5.32 0.28
regression
Stepwise
1200 rpm 15 5.03 6.24 1.21
regression
Neural
15 5.03 6.48 1.45
network

PNMTNAEDITN 4.3.2 wuramnsauszananssdalanazlanalulseunu
Awsadneglutig 12.5 ms lneiade widmsuyiaam51d9uea Stepwise regression way

Neural network fAIANURANAIAVDINITUTEUIUATILTIOANY 1 Nm
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N15NAaReN 4.3.3 usedAinnu 8 Nm

AN519% 4.9 WSI0ANAY 8 Nm

Latency Method Sensor |Error|
Model
(ms) (Nm) (Nm) (Nm)
Linear
20 8.4 9.50 1.1
regression
Stepwise
700 rpm a0 8.05 9.00 0.95
regression
Neural
40 8.09 9.88 1.79
network
Linear
10 8.08 8.97 0.89
regression
Stepwise
1000 rpm 15 8.07 9.37 1.3
regression
Neural
35 8.19 10.5 2.31
network
Linear
10 8.08 8.39 0.31
regression
Stepwise
1200 rpm 20 8.18 9.45 1.27
regression
Neural
a5 8.55 10.2 1.65
network

INNIINAABINA 4.3.3 WUITIANLSIDANFITUILLTUAIAMURANAIALUNS

Y

Uszanaaussdngstumesdaiuisuifisuiunismeasnounind deazmiuldinfining

=3

AnwatndiaAy 1 Nm udulngludis 3 lea waznandildlunisussanuaingaaueiae
lasLany Neural network lgianaduiviadu 40 ms Tun1sussunauan @iu Stepwise
regression 71 700 rpm AlaTlunisuszunaegaduiuegf 40 ms uir1AuRANaInly

AsUszanaAlaiY 1 Nm
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N15NAaRe 4.3.4 usedainAiu 10 Nm

MN5199 4.10 WSI0MMIAU 10 Nm

Latency Method Sensor |Error|
Model
(ms) (Nm) (Nm) (Nm)
Linear
25 10.22 10.98 0.76
regression
Stepwise
700 rpm 25 10.31 10.92 0.61
regression
Neural
65 10.01 12.05 2.04
network
Linear
a5 10.37 12.62 2.25
regression
Stepwise
1000 rpm 55 10.32 13.35 3.03
regression
Neural
55 10.27 13.88 3.61
network
Linear
35 10.11 12.82 2.71
regression
Stepwise
1200 rpm 40 10.47 13.00 2.53
regression
Neural
a0 10.06 15.36 53
network

NMIvaaead 4.3.4 Junsnaaesiiluteyaiililieglugieiin Machine
learning WUInflAIANAANAINTIININ 91NNITNARBIILWLIN Linear regression @11156)
Uszanauenlaanaanasesiatlunisussinamiasaianuianainlagiafiosgf 35 ms waz

1.91 Nm uag Neural network ldlunalunisussanadussauiuianiadesyi 53 ms
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ReRREY
druunumsiiaugesusidnlngld3s Machine learning dslusuddeldulsoandu 4 dn
Usgnausng nmseenuuugunsalifielddmiuvinismaasdlagdneduazdiasanisinaues
WIUYUEUA, negeuUssaninmnisussanaaiusedaandeyanisvihauvesewesiaglaill
n1sUsrananauuuasalulasaaulnsaaasnioni1sussunaaLuunenlay, nadsu
Usgdndnmnisusranamaiuseinlagnisusrananavuvesalulasreulnsaiaasuionis
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vuABNNILAasAdIuYAAa TuN1Innaeedrldluna Machine learning Tulusunsy MATLAB
avun 3 Tuina Ao Time series neural network , Linear regression model WLag Support
vector machines laglun1snaassaziilnamanluluszuu 4 A1 Ao 1, 2, 3 uag 4 kg uazd
AALEIAaTifi 700, 1000, 1200 way 1500 RPM filsinesvesawnes
5.2.1 msnaasdlagnisidlunavas Neural network
azdiulgndafinsifines TDL 1ntu axlvinavas RMSE Avuluse
wifzfinszeznatlunsussanaausadadioguiy luaefiaines R value ndulndides
fulaglaidudu TOL Feft TOL Sewinfu 1 agldinalumaiFouslineadl 22 3unft uwid TOL
winfu 20 xldnantumsiSouslumadi 891 Funit Ssanuuansnsves RMSE ogfi 0.038
5.2.2 Msnaaaslasn1slyluinaveas Regression
mimmaaﬂﬁiﬂummaa Linear regression Wag Stepwise regression
WiarSeuieudseansamlunisussanauausedn auudiulédn Stepwise regression a131150
T meuiis RMSE was R value l@#nin Linear regression usayldnanludszanarussn
Fudw dlofeuiaeddumadagldinasneiuis 28.301 3undl us Linear regression 1iina
Y89 RMSE e 0.208
5.2.3 nMsnaaadlagnslydlunaveas Support vector machines
n1snaanddztasnlyluing Linear SYM , Quadratic SVM L@y

Medium gaussian SVM Tunsideuiisuussans ammlunisussanauaiussdn asmiulaii

'
a

Medium gaussian SVM a@1115abiaaauil AT gauasszeziarlunisussunumidunge
Tuvaued Linear SYM flausidnaglvrnaulaugnit Quadratic SYM usiiilaiieuiiuseagiiand
TdluSguslueandudndt Gsdundt 1.34 Falus

A15NAABINA 3 LuLAa Ao Time series neural network , Linear regression
e Support vector machines AL ulaa1 Neural network @1115al#w A1 RMSE wag R

ya 1 = a ! a A v A I a = .

value lafnd19n 9 luna Felnaaimuianaiaites waziia1 RMSE Tdifu 1 &3 Medium
gaussian SVM Alina RMSE snn31 1 fae usillasieumeiiaiunisiieuslunayszuiam

wssdnazuanansiuaysosasudulunaves Regression Wag Support vector machines

5.3 Han1snnasINIsussunfILsetatuuaaulal
A1579aBIN15UTLUIANAVUUDSALUTATAULNTALA DS LALALLUINISNARDY

ponMNYIANLLEIUsENaUlUSE 700, 1000 way 1200 RPM filstnesuasuaines Tnaas
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denlalumaues Linear regression, Stepwise regression Wae¢ Time series neural network
= = = a a ! a v 1% s Y]
LW@Iﬂuﬂ’]iL‘UiSJULVIEJUU?%&V]GQ’]WIUM?U?B&I’]mﬂﬁLLN‘U@@’JEJGUBJ‘JJammJE)LG]E)iLLUUVIuL’JaW

FIU09@NN15989 Electromagnetic torque A28 1AgN151Aa0INUI1 Neural network @115

a1 <

Tineudidl RMSE uag R value le@fianiigaananuisa 700 uag 1000 RPM sesasuiiy
Linear regression Wae Stepwise regression walut19A311L59% 1200 RPM Tuinavas
Stepwise regression naulsimneuldanitluwadu q laean RMSE foandt 1 drsanluna
JuiluniAiundt 2 vee RMSE uaza R value AlndiAes 1 1nn3lunadu dauaunisves
Electromagnetic torque luaunsalinamnovaussussinlalay unaiuisavenlaiies
gULL‘U‘U%@LmﬁﬂﬁLﬁmﬁuLﬁﬂﬁuiunﬂﬁiUQQJﬁuL%aLLagIma@Tuiz‘U‘u gslunsdinsuszenddilss
ANAIAYS eenTUTEINARAT WA MS psrazanlun1sUsEInaRaA LT T AaNnTS

Electromagnetic torque 9glidnauiiduiign sesasunduluinaves Regression waz

Neural network

5.4 HAN5NASBINTTUTZUIUATITAIINNTINEBINITVINNUVBIUIU LB UA

Tunsveaesinussinannisdrassnisianululswiusudazdunisdiaes
nsindeuiiveauruusudainsuviailslugadndumimis Tnglussnienisedeuiity
dlefiAsAnueseninnsedeuiiveauvusudiliAnavesussdaiunindidmunli
wruusuiIEdomgAnIThaiuT anduasindsyAns nmessnsUszanurussdaiioy
Auruwesusidauaginsseziaisenitanisusenuanisuiviguresusada lagluns
npassazuUInImaasseanidu 4 mineassszneuludie 3, 5,8 uay 10 Nm iioldidy
Farmualunismganisiureswsuusuduagluudaznimaassayldlumadiamiso
Usvananavuveinlulasreulnsaaesle Inslunisvnassasidenldmumsad 700, 1000

waz 1200 RPM 21NN1INAABINUIN

5.4.1 WSIUANNIUAYINY 3 Nm
TuN151AaINUINLAIANURANAIALBEAINTT 1 kazdANAIT LU

nsneuauawiansilaluuszanaausedneglugae 10 85 20 ms lneadvegi 13.3 ms uax

'
=

1 700 RPM laiiaawes Stepwise regression @11130A190uUlaATidaud ol un8A1AIY
Aanaalunisusyanaa1lssdn @1ui 1000 RPM 1w Linear regression NlviAnaulaesiu

197 Dendaziannuagnlun1snevauawawsIdnunnIn Neural network wisIAN3ILiNes 5
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mMs U LAAIAMURANAIAAIAUDY 0.2 Nm hazia1us? 1200 RPM Tuwmavad Neural

network 7liAneulngsiulaaninlunadu o

5.4.2 usslafifvuawiniu 5 Nm
wiulddndadanusilunmsmgunnd uaglidmeuiiianarnun
Fulufae udfinudndilunsneuausswioussineglugag 15 8¢ 20 ms fifiss Stepwise
regression fiRU3Y 700 RPM fifiannudrdlunisnevauessousedndi 5 ms lunisuszana

Asn wagdilimanuianatntesidleNiuluwmadu o

5.4.3 WSIUANNIUAYINY 8 Nm
< v A . oV ya a
wLuled101MSIUY04 Linear regression @unsaiilaaiianluyn
AL a9vaInanlunsUsTInaIAILSITALaZ ANANNRANATR @21 Neural network 2
JANANMURANANANLINAIT 1 Nm wazldnatlunisussuiauainsadnlagmasi 40 ms 180

winaatumn 9 e

5.4.4 wS9UANNIMUAWINNAY 10 Nm

% v a

Jugrusedaildlavihnsiiudeyaiienssuiumaiouiveduing

sziuldnfinnudrdrlunisnevausswon e MANTUIINNTNARRDY 9 kazilA1AIY

Rananafiunnnan 2 Nm Wudaule)

(%

msnaasiadnsmaaeanuitluussdaiiimun 3 waz 5 Nm Tuyn 9 luea
annsalirmeulunisuszanaaussdalaailndidsaiioioufiouiumuresusedn 3
TngsiualsiatauRanataldiiuy 1 Nm waginnudigilunisnevaussnonsalinlunis
Uszanaur iy 20 ms dauussdafinmuaiadu 8 uay 10 Nm azfianudrdlunis
nevausIsousidnlunsUssnmumiinntuwayddianudifiuiniuardddanuianain

Punduldane

5.5 dalauauug
av A1 v = J a ¢
mAdeiljatuludnviuazneaeinisuszanuaussinanuenesiiieldly
N13Y11UYBLIUY U s i AL UN T gugasussialulvuvugud Motor test
bench lagnesnuuulaggnsdinisinuressuiugus wilunisesnuuulumsiiulnanid,

TUTuszuuagiakn93usl aiulnanluse i Nanuamas naavinauvinlilun1sin wsadnann
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5.6 WUIMNINISARIUIRBL
5.6.1 LNIIINSUTEUNUASIOALAUINTY LiNe AL duAUNISYINaIuYe9

LYUYUEUALINTY

5.6.2 AnwnaziUTauiisulunasu o inetinuszansainlunisuseuiaai

L59UAYDIUVUYIUEUA

5.6.3 wAly Motor test bench lTun1snaasdlunisinusibaiiioannisunis

YodmanlusEnINnIvyuLees
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Desizgn and development of robotic arm using BLDC motor with
sensorless control

Wannadear Nawae'' DrKittilhun Thongpull ™!

Abstract In this paper, a sensorless BLDC maotor contmol techmigue is investizated and experimentad prelimimarity. Field onented
contro] was employed as an algorthm to control windng activity in arder to ensure the optinm] rotor angle for each winding swinch

partern. The expeniment was perfommed

with a developed motar test bench. The resulfs show that the estimated sipnals are consist

1o their onpmal The estimated signal show their potental to be nsed as a vital infiomation for sercedess rebot safety system.

Keywords: Sensorless, Field onientsd control, Back-EMF, Torque estmation

1. Imtroduction

Currently robotic amms are being used as a common equipment
m various application aress such as mamifachuring, medical or
military. Each application requires s oumber of specific
opersdonal parameters for example operating space, degree of
freedom, size, weight, speed and torque. In addition, in safsty
aspect, it is responsible for every robot to maintain accident-free
operaions especizlly robots or robotic amms that interact with
lumesn or even operate together with humsn Thuos to realize
safety requrements, complex semsors, ie, magmetic absolute
encoder are employed to provide information that are needed in
algorithms for safety condifion awareness of the robot. However,
delicate semsors are i emchange for cost, size, power
consumption and etc. These gain the imberest im research for
developing sensorless technigues o obiain nformation of robot
without using acmsal physical sensor, for example, as focused in
this paper, torque estimation in Broshless D Moter (BLDC). By
employing sensorless techmigue, better speed versus toque
characteristics, high dynamic response and zero elecmical wear
[1] hawe been achisved Back-EMF signal generated fom maotor
windings during rotation is commonly used in sensorless motor
coniro] techniques due to its relationship to rotor pesiton, speed
and torgue. When apply in a robotic amm, conventional sensors
can be omitted, e.g., incremental and absohite encoder, force or
torque transdwcer, and resolver, thus, resnlted in optimized cost
and size while maintain performance of the operation. This work
presents the investzation and prelimimary development of BLDC
maotor conirol using sensorless field onentation control technique
fior censing torque without a sensor to apply to robotc arm.

1. Methods

11 BLIM motor comtrol

BLD{C motors are direct current motor with no brmosh o deliver
ENETEY to motol windings as the rotor is installed with permanent
magnets thus relaying on synchronous electric machine principle.
BLDC motors have a linear relstionship between current and
torque, voltaze and speed [4]. This paper investizates on the fiald
orientation controel (FOC) for BLDC motor confrol doe o ifs

11 Dspartznant of Electrical Enginsring Princs of Songids Usivaniny

mechanism that aim o produce orthogomal magnetnc field
between the stator and the rotor to achieve the high efficient and
AT forge.

Fipure 1. Block diagram of Field orentation control

11 Torgue estimation

Torgque estimation acquire informaton fom a free phase
winding 8 motor drive conirol uses only tao of three phases o
condocting motor at 3 time and one phase of motor is oot
conducted. The free winding zenerates back-EMF signal at this
moment. The back-EMF signal can be used to estimate the
parameters such sz speed and torque. In this research work, we
foous on torque estimation using back-EMF information by the
equation below:

Te :3—:{21?[.;. Fila = Ldigia) m

13 Concept of Fobotic arm wsing sensorless

Fuobotic amm is a techmology that imitate specific part of human
that is nseful to apply to vanous type of applicatons. They are
being required to be operated topsther with human Therefore the
safaty mmst be the main consideration. The feedback information
mmst be in the stucmme of robot comol system  thus,
conventional sensors are required. In this research we would like
o reduce cost and size of the robotic amm by replacing
conventional semsors with the investigated speed and torque
estimation system using back-EMF information.
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3. Result

31 Ezxperimental sefup

To investigate the behaviors and operation of sensorless
BLD{C motor conmol technique we seup an experiment for
estimation torque and speed by wsing TAMS320FIE0E60
microconiroller from Texas Instnoment T1 and DEVE03S a zate
drive IC with back-EMF frontend for microcontroller interface.
An incremental encoder was used for companng betwesn actal
speed and estimated ones.

31 Ezperiment results

From Figure 3 we found that the speed from estimaton
and semsor similar to each other but when the speed is changed
the emror of estimation was increased. Figure 4 is the estimatnon
resulis of torque and speed. When load bas changed while motor
is nmning, we found that torque is increased ot the speed is
decreasad.

Figure 3. Fesult between sciual speed and estimate speed

Fommeim g

Fizure 4. Femlt between torque and speed estimation

4. Conclusion

Thiz work presents an mvestization of speed and torgue
estimate in BLDC motor as a sensorless Held onentation control
technique. The experiment results show that sensorless technigue
can estimate valne from back-EMF to analyze speed and tongue
comectly and motor control procedure still be able to spin motor
without nsing sensor. The next step is o use forque estimates
based on back-EMF for apply to robotic atm in safety procedure.

Appendix

Table I Motor parameters
MNumiber of pole (F) ]

DHC bus volimge (Vdc) | 24

Resistance (F) 0.4357
Inductances (Ls) 0.00028
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