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ABSTRACT

In most industrial plants, electric motors are the essential devices that serve the
manufacturing process to run continuously. The losses in the process may arise in case of
premature failures in the motors before the replacement schedule. The former research revealed
that the cost for predictive maintenance was significantly lower than preventive maintenance. In
addition, effectively predicting the replacement intervals can be performed using the LSTM deep
learning technique.

Therefore, this work proposes a web-based system for predicting the remaining useful
lifetime (RUL) of electric motors using the LSTM deep learning technique. Once users upload the
sensor logs into our system, our model classifies whether the devices will malfunction or work
flawlessly during a given period. As result, the appropriate action plans can be prepared.
Experiments on a public dataset show that our model obtains high accuracy in a short period of
RUL. Contrastingly for the dataset with a long period of RUL, less accuracy is produced. Thus,
the combination of prediction results and preventive maintenance plans may reduce costs and

sustain the manufacturing process.
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2.2 Long Short-Term Memory (LSTM)
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ACTUAL VALUES

POSITIVE NEGATIVE

TP  FP
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PREDICTED
VALUES

FN TN

MNEGATIVE

WA 2.4 Confusion Matrix L1 Binary Classification

fan: https://www.analyticsvidhya.com/blog/2020/04/confusion-matrix-machine-learning)
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< Y A
Accuracy lﬂufni')ﬂﬂ’nl]Qﬂﬁ}@\jmﬂ\iiulﬂaIﬂﬂW%15m1§3Nnﬂﬂa']ﬁ

TP+TN
TP+ FP+TN+FN

Accuracy =

MNWN 2.5 FUMIAIUIUAT Accuracy
.. I o 1 A e .. ~ 1% A o 2 ..
Precision Wunmsiaanmiuienand Positive MeunuNanMuIenIviue lunaa Positive

TP

Precision = ———
TP + FFP

MNN 2.6 AUNTAIUIUA Precision

< o 1 A o .. ~ (% A a & a ..
Recall L‘]Juﬂ1i'3ﬂﬂ1ﬁ‘1mu1€lﬂﬁ'lﬁ Positive LﬂﬂUﬂUWﬁ%Lﬂﬂeﬁu%iﬂﬂlﬁ)ﬁﬂﬁWﬁ Positive

Recall = L
TP+ FN

MNA 2.7 aUNMIAIUIUAT Recall



16

I 1 4 1
F1 Score fuaunaeu Harmonic Mean 7¥¥13713 Precision (a1 Recall

2
Fl — score = T T

Recall Precision

MNA 2.8 auNIIAIUIUAT F1 Score

o

a d' d' Y
2.4 UIIVENINYIVOY

4
v A

2.4.1 Khanh T.P. Nguyen, Kamal Medjaher (2019) I 18I ANYT Framework
lu3duuy Dynamic Predictive Maintenance WudusaunuitanaenudmsumMssontig

iive litiiiualse Towiueens1h Predictive Maintenance 1115zgng 19 1uT5900u

o Historical ‘
sM:tg'ttr?m?h data | Training LSTM . LSTM Probabilities of . mﬂ:f,',,g:',,’;::“
i % —> i > 7
l‘t’. classier network | system failure in -
multiple sensors | different time Order spare parts?
windows in future
Current data (on-line)

MNA 2.9 LNURT Dynamic Predictive Maintenance Process

Y
aw 3 ' o .. . ° g
audoyanINUINeilaziiu 181111591 Predictive Maintenance 9951140031

' 9 v 9

AUNUINABNAINADUY I AITBYAA NN 3.10
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(d) k = C./Cp with Cp = 500, Cos = 100, C; = 0.1
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Cos/Ci

(b) Cp = 500, C. = 5000, C; = 0.1

—— CR_DPM
w——— CR_PeM
= CR_IPM

5 10 15 20 25 30

k

d' = 9 as ' o '
MNN 2.10 uﬁmﬂmﬂ%umﬂmunummaﬁmwaum;umazuuu
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2.4.2 Michal Markiewicz ,Maciej Wielgosz, Mikolaj Bochenski, Waldemar Tabaczynski,

Tomasz Konieczny, and Liliana Kowalczyk (2019) 414398 U

.. . { < . .
41U Predictive Maintenance ‘ﬁyﬂugﬂlmu Time Series

4
Aav A

Tammsanu Tuaanihan i

Algorithm Accuracy  Fl-score
RNN with 16 LSTMs, lookback of 32 91.97% (.81
RNN with 16 LSTMs, lookback of 32, thq 8-bits 92.04% (.81
Constant (always classify as OK) 78.80% (.39
K-NN (K=3) 82.67% 0.31
OC-5VM (linear kernel) 67.62% (.39
Isolation Forest 88.95% 0.77

= a '
MNWN 2.11 wamsifseuiney Accuracy vouAae luna



18

a ] Y LY} A
nanamsfeuieuazidiulainluma LSTM 1¥ina Accuracy e Fl-Score

] 9 v 9y A . . A A
ABUTVNANGIE LSTM 1HuIgnuvayan ilu Sequence 41U Time Series Y1389 NLP 1UDI910

un ﬂt:gm Gradient Vanishing
2.43 Ammar Azlan, Yuhanis Yusof and Mohamad Farhan Mohamad Mohsin (2019)
NuITeH 1A¥MIANEINVUIAUE Window Length @9Wao81415¢0n13911 Deep Learning

. . : a0 & L . I 1 @
L1 Time series forecasting 99113983 1AL1119599 Window Length 8nu iy 3 9299 255U

v Y
, 507U 1AL 100 M IAgNHaN1TNARDIDNNINIT1aZIDIAAIL

13197 2.1 1W5euNeuaT Accuracy Liag Window Length

Window Length Accuracy
25 Days 81.25%
50 Days 62.5%
100 Days 100%

1 < (B {1 v 1 1
INAT19N 1 NITNUINAIIYBY Window Length Neanunazaanalini Accuracy

1 o 3Y 10 & 1 . A 2 ' A
o3 TuAauAnA1AUA® azn 113 1Tu31 Window Length nu1nduae 1A Accuracy Mun

Y 9 o 9

2 o a4 ¥ o o ) Yy Ay 3 o q ¥ ¥ v
Glluﬂ')'(’lllagﬁENLﬂﬂjﬂl@\?ﬂﬂﬂ’l“jﬂﬂl@\?m@yﬁﬂjﬂﬂ@ i‘l’lﬂ’ﬂllﬁi]’lu’)uu@ﬂﬂﬂg1/]’]1?711]&@@11%\1’]“1@

U

a9y 9 a 1< o yYq 9 A 1 1 3’; = Aa a
ua deyawezinu lUnvzsi v ldnannursongniniufelsz@ninmves Tunaanas

—

a9
BNNIY

2.4.4 Muhammad Syafrudin , Ganjar Alfian , Norma Latif Fitriyani and Jongtac Rhee

[

Ao A Yo = = o a & ad v = 9
(2018) \1’]1!'35081!]1@] IMIANHININITUT Sensor llﬂﬁﬂﬁﬁﬂiﬂﬂﬁu'l\‘l'lu JIUNTANVDYADDNUT

< o . o o 1
lﬂﬂl"ﬁj’l Server N131 Data Preparation Llﬁ$ﬂTi‘VI'IINLﬂﬁﬂ\‘ﬁ'lflaZl%ﬂﬂﬁ'liJﬂ'lWﬁ 2.12
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Specification Information

RAM 1GB
CPU Quad Cortex A53 @ 1.2 GHz
Gru 400 MHz VideoCore IV
GPIO 40 pins

Storage Micro-SD

Ethernet 10/100 Mbps

Wireless Wireless LAN 802.11n/Bluetooth 4.0 Low Energy
USB 4 ports

Power consumption 5V

Dimensions

85.60 x 56.5 mm

Ml 2.12 9o3av09 Node MCU 1411 Sensor

Specification Information
Gyroscope Gyroscope sensor (accurate to +=245/500/2000 degrees per second)
Accelerometer Accelerometer sensor (accurate to +2/4/8/16 G-forces)
Magnetometer Magnetic Sensor (accurate to +4/8/12/16 gauss)
Barometric pressure Pressure sensor (accurate to 0.1 hectopascal)
Temperature Temperature sensor (accurate to 2 °C)
Humidity Relative humidity sensor (accurate to +4.5%)
Display 8 x 8 LED display matrix
Input Small 5 joystick button

MW 2.13 Foyaved Sensor NI 1%

Data

DBSCAN-based

Preprocessing Outlier Detection

RF-based
Classification model

Evaluation

MNN 2.14 Flow JUMIAUTNUNUINY
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v ¥

~ < Y1 A o 9 < 0
AMNNINN 14 ﬂzmuulmumimay,mm Sensor NILLVIVUADUNTITNT Data

L]

Preprocessing 1% Data Missing Handling , Feature Engineering NAAINHUANI Outlier 72835

DBSCAN 1@ 141gmsinsnIunan1e35 Random Forest Classification

Model Precision (%) Recall (%) Accuracy (%)
Naive Bayes (NB) 94.1 93.6 93.567
Logistics Regression (LR) 98 98 97.953
Multilayer Perceptron (MLP) 96.8 96.8 96.784
Random Forest (RF) 98.5 98.5 98.538
DBSCAN + NB 96.8 96.7 96.74
DBSCAN + LR 98.6 98.5 98.52
DBSCAN + MLP 98.8 98.8 98.81
Hybrid Prediction Model (DBSCAN + RF) 100 100 100

= a ' aw
HMNN 2.15 namsifseuney Accuracy vosuaaz Tumaluauive

! < Y ° 9 B { '
10NN 15 92U 1821113911 DBSCAN 171 Random Forest 1Wanaunn aauns

IANT Outlier YHAABNTNITUL TUIAD
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I UUUNITIIIVEY

= aw A3 ° A A )
ﬂ’]ﬁﬁﬂ‘]&l']'Jéﬂﬂulfl]uﬂ’]ﬁu’]lﬁu@kﬂﬁ@QNa%jﬂiuﬂqﬁ51]@\11J§33J’]ﬂl@1q1615\11u5116\1
M

o Y v a ~ Y a K . =~ a v A
3Jama5"l1/\|vthal,vmuﬂmiu,iﬂugu,maﬂ (Deep learning) 1A81LUININTIVOAI

) Yy v
3.1 MIUUVIVDHAVIN Sensor

v v v
= 1A a

Tavilnatoyanaz1d Sensor liliamarnuomes lnlih Heariitarniluganai

U QU

o @ < 9 (% Y1 < o =3 Y 1
UIITU ANUAU Lﬂu@u ‘Via\ifl]'lﬂvlﬂﬂ'lfl]'lﬂ Sensor U1 ﬂ%m‘lﬂ’umﬂﬂﬁua 0043 Server ]’l') 1319

[

A v I v 2 oq ¥ cao 2quy o A Ya o
eannvoyaaiuil delunnuaviraihlvanuidsilyveyadiassnigluuulndneany

993a13991N Kaggle

&) Vibration

@) Temperature

€) Relative humidity
) Ambient pressure

MW 3.1 (418) @10819 Sensor N1F9A (¥11) Avg19903aN 14910 Sensor

fan: https://www.balluff.com/en/de/products/product-news-overview/product-news/condition-

monitoring-sensor/


https://www.balluff.com/en/de/products/product-news-overview/product-news/condition-
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timestamp sensor_00 sensor_01 sensor_02 sensor_03  sensor_04  sensor_05 machine_status
04-01-18 0:00 2.465394 47.059201 53.2118 46.31076 634.375 76.45975 MORMAL
04-01-18 0:01 2.4653%94 47.09201 53.2118 46.31076 634.375 76.45973 MORMAL
04-01-18 0:02 2.444734 47.35243 53.2118 46.39757 638.8889 73.54598 MORMAL
04-01-18 0:03 2.460474 47.05201 53.1684  46.39736775 628.125 76.98898 MORMAL
04-01-18 0:04 2445718 47.13541 53.2118  46.39756775  636.4583 76.58897 MORMAL
04-01-18 0:05 2.453588 47.059201 53.1684  46.39756775 637.6157 78.18568 MORMAL
04-01-18 0:06 2.455556 47.04861  53.16839981 46.39756775  633.3333 75.81614 MORMAL
04-01-18 0:07 2.449653 47.13541  53.16839981 46.39756775  630.6713 75.77331 MORMAL
04-01-18 0:08 2.463426 47.09201  53.16839981 46.39756775  631.9444 74.58916 MORMAL
04-01-18 0:09 2.445718 47.17382 53.1684  46.39736775 641.7823 74.57428 MORMAL
04-01-18 0:10 2.46441 47.48264 53.1325 46.39756775  637.7314 76.05148 MORMAL
04-01-18 0:11 2.444734 47.91666 53.1684  46.39756775 635.0482 74.58654 MORMAL
04-01-18 0:12 2.460474 48.26389 53.125 46.39756775  630.0926 76.95988 MORMAL
04-01-18 0:13 2.448669 48.4375 53.1684  46.39756775 638.6574 75.6731 MORMAL
04-01-18 0:14 2.453588 48.56771 53.1684  46.39756775 632.4074 80.65949 MORMAL
04-01-18 0:15 2.455536 48.3941 53.125 46.39757 642.3611 78.13193 MORMAL
04-01-18 0:16 2.445653 48.3541 53.1684 46.31076 630.2084 77.89381 MORMAL

'
A o

= o ] 9 ° 9y
HMNN 3.2 @I'J’l’)fJ”Ix‘l‘ll’f)lJ“ﬁ%”lﬁﬂ\WIHTNﬂ‘;]f

fan: https://www.kaggle.com/imtquentin/pump-sensor-predictive-maintenance-lstm-

network/data

3.2 MIAIBNTOYATIHIVAIUIZUY

3.2.1 M39ANT Missing Data

Y
Tua3vel 191593 Missing Data 1101 Listwise Deletion 3473

=Al
=De
o0
2
Qe
a)]
[t
2
o
&
ko))

A L 2 Aq gan X A v 0 3 v Lo d‘
nu Missing Data mw3Jﬂaaﬂ“hJ1/1“lmwmm%mmauﬁamamﬂumaga Missing Data N

a

we s iamsel955ou 18 ualunsdindeyassaifoyaluguvndueinez 1453
1 19U Last observation carried forward (LOCF) Aomsinaneuiioziia Missing Data 41N
Antludu
322 maulasdoya Timestamp 1¥1iug1luny Datetime
MEINIUEINTNA RUL 1inmafuufianuzvosuomed iluihualnd'll
wdviufiramzveaemes llfhiidaym ewsrenarlumsi Label Tudaudaly
3.2.3 AUIUNIAT RUL (Remain Useful Lifetime)
MEINIUINTA RUL 1nmaduSufianuzvesuomed iluihualnd'll

wisiunanuzvewwewes Iihiidam iemraanarlunsri Label luauda


https://www.kaggle.com/imtquentin/pump-sensor-predictive-maintenance-lstm-

%] 11
1 11
2 11
3 11
4 11
17151 e
17152 e
17153 2
17154 e
17155 2

days
days
days
days
days

days
days
days
days
days
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21:
21:
21:
21:
0.
20:
20:
20:
20:
Name: timestamp, Length: 17156, dtype: timedeltaé4[ns]

53
52
51

e3
82
e1

5S:
54;
100
109
100

e4:
190
180
100
20:

20
20

20

20

MNA 3.3 WaNn'ld91nnTul RUL (Remain Useful Lifetime)

3.2.4 1NIA319 Label
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[ g’/ dy ) 9 A o Y 9 Aas
mm“lmmmumzmmsmn Label 310 RUL wmm'm%mmm 3.2.2 Iﬂﬂ?ﬁ

9 g’/ o 1 d‘ﬂ/l ] ] wd‘ﬂl o A 1 % 1
@319 Label HUIEUUD1A1 RUL ﬂqﬂﬂ??ﬂgiﬂ%ﬁﬂﬁuﬂﬂﬂﬂﬂ15ﬂ1u18ﬁiﬂqﬂIﬂﬂﬂWﬂﬁ?ﬂﬂWQ

H H Y
avuanh lgreidesmsiinneh 4 3u &1 RUL oglugia 4 Tugaiuegadie Label iy 1

sensor_46 sensor_47 sensor_48 sensor_49 sensor_51 machine_ rul

| labell |

37.90509
38.19444
38.77315
38.77315
38.77315
38.77315
38.77315
38.77315
38.19444
38.19444
38.19444
37.90509
37.90509

37.32639
37.32639
37.32639
37.32639
36.74768
36.45833
36.45833
36.45833
36.45833
36.45833
36.45833
36.16898
36.16898

175.3472
177.9514

176.794
175.0579

171.875
170.7176
171.0069
173.9005
177.0833
179.3981
182.8704
185.4745
187.2106

71.46991
72.62731
74.07407
74.36343
75.52084
76.38889
76.67824
76.67824
76.67824
77.25694

78.125
77.83565
76.96759

243.0556 NORMAL

245.081 NORMAL
247.6852 NORMAL
250.2894 NORMAL
253.4722 NORMAL
256.6551 NORMAL
259.2592 NORMAL
261.5741 NORMAL
263.8889 NORMAL
265.3356 NORMAL
267.6505 NORMAL
269.6759 NORMAL
273.1481 NORMAL

4 days 00:11:00
4 days 00:10:00
4 days 00:09:00
4 days 00:08:00
4 days 00:07:00
4 days 00:06:00
4 days 00:05:00
4 days 00:04:00
4 days 00:03:00
4 days 00:02:00
4 days 00:01:00
4 days 00:00:00
3 days 23:59:00

~ Ay v ) A o ! ° A o
NNN 3.4 Waﬂ"lﬂfl]"lﬂﬂ15ﬁi"lﬂ Label NN MU UAYINIATNIUIEN 4 IU

3.2.5 111015 Normalization

TuTwmamsizeudiFaan vuannuaisvesdoyalinanonsmuis Tuea

Z ' A
A911141519989991115 Normalize Feature noutdunsutia Iagl4n1s Min-Max Scaler

o U A d o
M 1uaIU Feature MY Sensor NaHuA

0

=0 00 0 00 OO O 0 o
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3.2.6 TMsuLYoya Train-Test

WIM3UUoYA Train-Test NOATIAIU 70:30

J
3.3 msahalumaiszanaeglinuvesweamasinih
o Ay Ay dd 9 D, £~ a o &
WAz outoyaiseusoonizudgnszuaumsad i luea Feliseazideanail
3.3.1 @519 Network 40413190 LSTM
Layer 15092 1% LSTM 91 100 unit Mu51UIUVDY Input Sequence ARG LSTM
7l Layer 50 Unit 1119 Dropout luu@az LSTM Layer 1iioA2UANI304 Overfitting 11az a2
{ 3 < 4 o
ganiedu Dense  Nazld Sigmoid  1WedoAAdEINUNITHENsZIANTOYA Binary

Classification

input: | [(None, 100, 50)]
output: | [(None, 100, 50)]

Istm_4_input: InputLayer

Y
input: | (None, 100, 50)

output: | (None, 100, 100)

Istm_4: LSTM

input: | (None, 100, 100)
output: | (None, 100, 100)

dropout_4: Dropout

input: | (None, 100, 100)

Istm_5: LSTM
output: (None, 50)

input: | (None, 50)
output: | (None, 50)

dropout_5: Dropout

input: | (None, 50)

dense 2: Dense
output: | (None, 1)

MNWA 3.5 11EA9 Network U909 LSTM 114 1uauide
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3.3.1 mamamﬁ’aga ( Model Training )
2 o 9 A ' Yo o 9y
TuauaeumsmsuTuaa ezihdoyanuia B3dmisunismsnlasly Parameter

AUAT N 3.1

M13199 3.1 A1 Parameter #1499 Y94 1UAA LSTM

Parameter Value
Epochs 10
Batch Size 200
Validation Split 0.1
Verbose 1
Loss Binary Crossentropy
Optimizer Adam

! d
3.4 malszanaeglfnudiiaevesneme s Iniheu web UI

TumsthTuaan Idnnde 3.3 T lHlssnaegldauinmasveswowmes Wil oz
1 Y
Tdru T sunsunad 1w lugiuun Web User interface TaaTlsunsuaziidaulinig User
o I ' v o ) a ) A A o & o
ouTraalia Data WU Web 1asoD TnandoyaiFiousos ionagudunaziiimsmsuluea
uazusewamstszmnaeenuiniii Temanuemes IihazRadym luszeznariidimua’ly

n3o 1

Predictive Maintanance

Please input dates that need to predict: [30] || Submit |

| Choose Files | No file chosen | Send |

MW 3.6 Ar0619T150n5031IDD Web User Interface Tumisiili1dam
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3.5 1n30930NI¥IuaIde

3.51 mu1lnseu (Python)

I a 4 % { A ) @ o
Python 1Hunmpiaeuiuaeinuvileifion]y uazmuizd115un1591 Data
Science W1N 1103910 Package vogamdeiasndenldmangnuaiueguinuie nay

% 9 1 -\ 1
mMudunla e mungnuiie 1
3.5.2 Jupyter Notebook

g A A ~Hq Y Y . & A A

SIGERNG opensource Al lumseain Reproducible Document ¥4NABIONET1TN
A o a A ¥ A o ¥ Y
UADTUYLUAL code NTTNITD execute ]1@1 L‘W'E)‘Vﬂﬂ1§1/1@ﬁﬁ]\?‘ﬂﬂllﬁ%?ﬂh1iﬂ@Waﬂ'liﬂﬂaﬁ]ilvlﬂ
¥ o 9 a A 9 " Y = < y
M ﬂmjayammum@magamﬂlwﬂ@ Iﬂﬂ Jupyter @IUTDVYU source code 11l block @U9

= a 1 1 Y Y X Yy Y Aq Yo o

Uag Ut UYL TIUAIY markdown hlﬂ %3 Jupyter llﬂﬁiNiZ‘]Jll kernel nlvdnwaun

= . A 9y (2 A Y
YU configuration L‘W’E]Gl,“])'\?'l‘uﬂﬂﬂ?i&l'lﬂﬁi’]ﬁgﬂﬂllﬂﬂﬁ'lﬂﬂﬁ'lﬂ



UN 4

HANIAUHHINUIDY

[y o o 9 A A 4 9, A
mﬂmiwwuﬂumammum'iﬂﬁxmmmqm'ﬂwmwmaammmmei”lﬂﬂuwe
[ o [] =1 a a o = Y a K [
’J"IQLLW"LJl‘LJﬂ"Ii%@lI‘]ﬂ?QBEJN?JTJ?%ﬁ"V]‘Hﬂ'I‘W IﬂﬂuH@WﬂﬁLﬁﬂugL“}NaﬂIm@m LSTM %24931n
2’, d o A 9 = =
Hunszgnam lugiuuy Web User Interface tionuazadnlumsleay nanisanyii

[

2 1
YT IDYAAIU

4.1 wamadadszansmmvesluaa

Y Ay o = 9 o Yo 9 A
éll’f)lluﬁﬂ"lﬂﬁ INNITATYNVBYALUASNTIITN Label L'iwz"lﬂmmummg,aag%

T 9 o o .. °
166,441 11D Iﬂﬂﬁ]gLlﬂﬁﬂl@ﬂaljﬁﬁ'lﬁﬁﬂﬂ'ﬁﬁﬂuigﬂﬂ (Training Data) 70% 31HIU 116,500 (1D

wagdmsumsnaaou Tuma (Test Data) 30% 311U 499,41 1197

nnminaaeu Tuaaldwanmsnadou Tuwalasdd Confusion Matrix  19aA1A4

A
MTNN 4.1

M519N 4.1 MIuaaIRamInaaoUlszansnnvea luna

Indicator Value
Accuracy 93.9%
Precision 89.9%

Recall 62.5%
F1-Score 73.7%
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91nA1 Parameter 1115197 1 13192 1dWanaaoy Confusion Matrix 0

Accuracy = 93.9% , Precision = 89.9% , Recall = 62.5% ita% F1-Score = 73.7%
U ) a ‘ﬁ' U q‘ \
4.2 wamsdadszansmnvesluaaniodSunlagum Parameter
o Ay ¥ = Y] Y= = Yo o =
Wa9nd lawamsane lugausnudl nedanagldimsnaaeslsonldeu

4 1 1A J @ ] A < [ {
Parameter iagraifSouiounldmnuanaenuedials Tasarnlniuasaisen 4.2

d‘ ! ! d‘ [ d'
f1319N 4.2 A1 Parameter mm‘nﬂﬁmﬂaﬂumaﬂuma LSTM

Parameter Value
Epochs 20
Batch Size 400
Validation Split 0.2
Verbose 1
Loss Binary Crossentropy
Optimizer Adam

M99 4.3 s uaaIRamInaaeulszansmnves luaaraslsunlasy Parameter

Indicator Value
Accuracy 97.0%
Precision 91.0%

Recall 99.7%
F1-Score 95.4%
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4.3 wamsiannuianelavesdlyam

msdanannuiianelavesd1dau sihimsdananinfivauseuiigs Tagiins
Y

[ Y o o 9 9 = Y R A = v A
IANAAIYAIDTNIIUIU 5 VBLIAZUDIAUBDLIUSDN 1 VD BINUT1WALIDYAAIY
4.3.1 N0 (Questionnaire) Saanuianela

Y1 ¥ S A ¢
1. Tagswuad muveuTdsunsumsdssmnaerglsnunmiaoveiusines
Y
I iinGe'l
{ o - @
2. Tdsunsumsdsznaegldaunmasvesnemes Il assnuaau
Y o 1 A ]
Apams Tumsihanuvesmuso b
g o Y 1 o = a A ds! 1 A a [
3. Tdsunsuiiilvmssoutingadllsz@nsmuunnuunITNMsANYeINIY
3o |l
2a? 9 A ' A '
4. TlsunsuiilivuaoumslFauidzainuazdiense i
1 a U 1 o Yy d' o = v 1Y 1 1 A ]
5. muaa Muszuuzih I iuauihauReInunuMuaevse i
v
] 19 3 1 o
4.3.2 nguihvune (Target group) Manua 5 awdlu Auaugenthalssnugaamunssy
WU 5 MU
a < 9y o o a o J A ] o
4.3.3 aydanuAamiutazdorruonusd s unann o NuuroN1ga Iy
PAANNITTU TIUIU 5 U
4.3.4 wasziiuanuwels
9 = Y Y ' Y 9
naramsdisraanuianelavesd ldnaassldaiu wunlassiwuds §ldven
dal ~ dy I ~ o Y
FTUUTUNINNGA 20% ¥OUWIN 80% tazizuuiiuTlsunsunasInuAuABINITUDY
v = v E v q ¥ A o
AN Nga 40% ATIANNABINITUIN 60% Uon N Inaz uuiFeesz Vil
Y ] ° =\ a A é’ A [~ 9 1 [
Tdmsaeuhgalidse@niamaunio lu miudieun 60% U1unaig 40% aruyunenons
T¥amvesszuy wunszuulims lFaundeuniga 20% lddeun 60% wagldaudieu
9 9 o) o ° Yo YA 1 Y o 1 1
naN 20% ludeganedmsumsuuzihldnudounui glFauszuuzihaomiveu@in
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