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Abstract

In this Cooperative education report focus on using Deep Learning technique to
check brake caliper bolts in the process “Bolts Inspection” to improve Quality Assurance
Network (QA-Network). The Quality Assurance Network (QA-Network) is standard that
Toyota all over the world used, which is used for guarantee that manufactured goods has
no problem. By the way, in this project represent step by step of the research process.
Starting with study TPS (Toyota Production System), understanding the process, evaluate
QA-Network and inspection of brake caliper bolts by using Deep Learning algorithm,
Including testing the model that was created. The Artificial Neural Network have Deep
Neural Network that uses YOLO algorithm through ImageAl library for creating the model

for image recognition to recognize 2 types of brake caliper bolts.

Keywords: Quality Assurance Network (QA-Network), TPS (Toyota Production System), YOLO algorithm,

Image recognition, Image classification
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nagauaNuiieutuadulinannlu State Asluvinaue ¥a1eIeU @99TUIUNITAINGITINAY
18n31 n15v Convolution vlam1usiies Grid Cell vine fiwilou Model UafiiFenianisyin
Filter uagld Max Pool lumssaunguues Grid Cell 1dne fimiloussnan dioanuuniiuitlunts
A FaRvean151d YOLO vieruldisaunnuazimuizdmsunisussuianaiuy Real Time
annsoviwneiuazsiinvesingldinieus fu lagvinneldlassgleUssaniiiosyaion
YOLO ﬁﬂwﬁw%quumﬁﬂiumiLLaﬂLLstmwmﬂmwﬁL‘ﬁmmﬂﬁﬁmwa L anangluauda
A9 T AuaINsalunIshenwes sEnI19Ing lua1wAu Background Areas LA Auan

[

YOLO 9zn5293uTngae 1 Grid Cell vilviawisamaanyunseingiinszdnnszanglunmlaidy

L}

98197 YOLO finmsiaunilagiu YOLOV3 luiiesduay

Single depth slice

o N2 | 4
max pool with 2x2 filters
S | owlw/ <8 and stride 2 6. 8
3| 2 [ 1N - 3 14
112 3 14
7 >

5UM 2.2 Max Pool
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Inputs
(batch_size: 416, 416, 32)

YOLOvV3 Network Architecture

Conv: Convolutional layer Concatenate: concatenate two inputs

'
! Conv 32x3x3 +
' Conv 64x3x3_s2
(batch_size: 208, 208, 64)

1}

Residual Block 1x64
(batch_size: 208, 208, 64)

_s2: with stride of 2 batch_size: the output size of this layer/block

Residual Block: repeated convolutional layers with ResNet structure

' Conv 128x3x3_s2
(batch_size: 104, 104, 128)

Residual Block 2x128
(batch_size: 104, 104, 128)

Conv Block
> 3x(128x1x1#:
(batch_size: 52, 52, 256)

Conv 255x1x1

(batch_size: 52, 52, 255) [mn2]  Detection Result

Conv 256x3x3_s2
(batch_size: 52, 52, 256)

Conv 128x1x1 +

[e— Upsample

(batch_size: 52, 52, 128)
K

Residual Block 8x256
¢ (batch_size: 52, 52, 256)

Scale 1: for detecting small objects

Conv 512x3x3_s2
(batch_size: 26, 26, 512)

Conv Block
—>|  3x(256x1x14512x3x3) |—>
(batch_size: 26, 26, 512)

Residual Block 8x512

Conv 255x1x1 4 9
! (batch_size: 26, 26, 512) > Detection Result

(batch_size: 26, 26, 255) )

e
(batch_size: 26, 26, 768)

H Conv 1024x3x3_s2

. batch _size: 13,13 1024
'
'

Residual Block 4x1024
(batch_size: 13, 13, 1024)

A

Conv 256x1x1 + * : % 1
== L Scale 2: for detecting medium objects !
(batch_size: 26, 26, 256) ,

Conv Block
3x(512x1x1+1024x3x3)
' (batch_size: 13, 13, 1024)

~ Conv 255x1x1 b
71 (batch_size: 13, 13, 255)

b YOLOV3 b Scale 3: for detecting big objects

Result

.
0
'
'
'
v
'
Il
'
[
[l
Il
[
'
[
'
[
[
i
[}
'
\

2.2 szUuMsUsENuAMAIn (Quality Assurance: QA)

szuunsUssiunuamdumssudseiudndudnudalififounnios lngnsuseiliuag

S uannnsuszfiuazuuulunssuiunisnieg asuanisnduiudiululdau n1susenau n1s

&

ASI9EUNA 19 INN5UTENBU uaFshazuuuilinnuszsduanuiulsiduniseiteglununi

foanN15us ol

Topic: Assembly viong

s

la.

»{5, il
H il
1, |2

4|k | [ iy

EOEECETT

EOEONENEEE

gllﬁ 2.4 @98 Toyota quality assurance evaluation forms
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2.3 grfauasiifientios
2.3.1 wguszulananans (Central Processing Unit: CPU)

(O ud 2w 1 lun15AUALNISHININ NSATUINN AN AAIEAT WA UTEUIARANS

ASINAANSUDIABUNUADS

g‘lJﬁ 2.5 Intel® Core™ i3-7100 Processor (3M Cache, 3.90 GHz)

2.3.2 vidnguszuananuns1wiln (Graphics Processing Unit: GPU)

GPU fuagvimmtiniloudu CPU wiatuUsEa@nSninnisusesuiananianiunsinin
99211 GPU 10101t aiuvu CPU vl CPU viautiaas anmnusaungluwmias lnaly

Tnssuatuiagld GPU NVIDIA GeForce GTX 1060 6 GB mugufi 2.6

E‘Uﬁ 2.6 NVIDIA GeForce GTX 1060 6 GB
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2.3.3. NA94

Tasssuatuilléndasaunsnlnu Iphone 6s nasanaeidlelanauazidunseiu 4K

waraennilslafianuaziden 12 auinea 1.22 fm.

2.4 YandulsHiieadq
2.4.1 Anaconda Distribution

Anaconda Distribution TUsunsuiobidanmsyaedaiiinulivi Inglasmypidves
BAINNANE189IU WY Data Virtualization, Machine Learning, Neural Network WALDNUINUNY

1
[

vl ldfonimungnmduuninlios Taglémsidoulusunsuniwn Python uawdl Anaconda

Navigator \Ju Graphical user interface (GUI)

I DU BITA I Mogdas

I Applications on [ | bwabs < chimeis

@ rvconments — O
Jupyter
R

N Leaming

gUﬁ 2.7 Anaconda Navigator



2.4.2 Spyder IDE
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Spyder 1Ju IDE (Integrated Developmet Environment: IDE AownSesdiodiewaun

TUsunsulaeddsdrurgminuayninmieg 1 uA1d9 Compile, Run) nil49890181 Python

1MEeDNLUUNIAMSUTNINGIFIEAT A1UNTOLEAINANINLATHAANS A1 NumPy (linear

algebra), SciPy (signal and imageprocessing) %39 matplotlib lﬁﬁgmi’]Waa\‘iﬁﬁLLasamﬁa 1y

flUswNsUaTUNU Anaconda

Editor - jhomejrlaverde/code/spyder-reports/data_analysis_pandas.mdw
b,' data_analysis_pandas.mdw @ FIR_design.mdw @

1% FIR filter design with Python and SciPy
2% Matti Pastell
3% 15th April 2013

4
5 # Introduction
6

7 This an example of a script that can be published using

8 [Pweavel (http://mpastell.con/pweave). The script can be executed

9 normally using Python or published to HTML with Pweave

16 Text -is-written in markdown in lines starting with " #' " and code
11 is executed and results are included in the published document.

12 The concept-is similar to
publishing documents with
stitch with [Knitr](http:/

) or using
stitch/).

ATLAB] (ht tp://mathwork
/yihui

weave docs] (http://mpastell.com/pweave/usage. html#code - chunk-options)

16 Notice that you don't need to define chunk options (see
17
18

8y,
but you do need one line of whitespace between text and code.

If you want to define options you can do it on using a line starting with

21 '#+ . just before code e.g. '#+ term=True, caption='Fancy plots.' .

22 If you're viewing the HTML version have a look at the

23 [source] (FIR design.py)-to:see-the -markup.

24

2¢ The code and text below comes mostly
26 from my-blog post [FIR design with SciPyl(http://mpastell.com/2010/01/18/fir-with

ipy/),
7 but T've updated it to reflect new features in SciPy.
# FIR Filter Design

We'll implement lowpass, highpass and ' bandpass FIR filters. If
37 you want to read more about DSP I highly recommend [The Scientist
and Engineer's Guide to Digital Signal

Processing] (http://www.dspquide.cor/) which is freely available
online.

€
27 ## Functions for frequency, phase, impulse and step response
38

39 Let's first define functions to plet filter
460 properties.
1

43 <e>>=
44 from pylab-import *

45 import scipy.signal as signal
46

47 #Plot frequency and phase response

4t def mfreqz(b,a=1):

49 w,h = signal.freqz(b,a)

h_ds =26 * logle (abs(h))

subplot (211)

plot(w/max(w) h_dB)

ylim(-150, 5)

ylabel ( ‘Magnitude (db)')

xlabel(r'Normalized Frequency (x$\pi$rad/sample)’)
title(r'Frequency response*

subplot(212)

h Phase = unwrap(arctan2(imag(h),real(h)))
plot(w/max(w) ,h_Phase)

ylabel('Phase  (radians)')

xlabel(r’'Normalized Frequency (x$\pi$rad/sample)’)
title(r'Phase response')
subplots_adjust(hspace=8.5)

B% Reports

L

FIR_design.html @ | data_analysis_pandas.htm! @

MRS Td 8.2 e BT "N . e i

Reports

0 (samples)

Highpass FIR Filter

Let's define a highpass FIR filter, if you compare to original blog post
you'll notice that it has become easier since 2009. You don't need to
do ' spectral inversion "manually” anymore!

n = 101

a = signal.firwin(n, cutoff = 8.3, window = "hanning",
pass_zero=False)

mfreqz(a)

show()

Frequency response

B .
il
§ et YW |
E
{
o
HANEAY SR I
Phase response
o
s
i
§
%, \

00 02 04 06 o8 10
Normalized Frequency xmrad/samplel

Bandpass FIR filter

Notice that the plat has a caption defined in code churk options.

n = 10061
a = signal.firwin(n, cutoff = [0.2, 8.5], window = 'blackmanh

Help  File explorer = Variable explorer

sUfl 2.8 Spyder IDE
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YUADUNITANHUIUY

nasedulasenu Quality Assurance System for Autoparts Misassembly Detection
Using Deep Learning Technique L3187 unaun1suseifiussuunsuseiugunin (Quality
Assurance Network: QA-Network) tiiomduneulunisnanlandsldununae uaznisidenngu))

nsUsznaNanenInLielglunisnsaduluan

3.1 NS2UIUNISNTAALYN N1TATIVEDUKAZANULANAINYBIUaNANAUWBS
3.1.1 AuLANANvasluanaales

9113U7 3.1 aziuiianuevedluarinsaessuiivuinlduviiuusvunaindeadauis

(%
Y]

wirfuvhldanansaldnetuls nisussaananiwagldnmainyuuundanuuwanaiseluaing

gosjuodraiuladn
@ E:;D 33+0.5

35 mm 1dfinilsznayla’
mm ST &
A
M14
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3.1.2 WAnuenuaznsnsIvdauluaiulaglu

JagtulinsAnuenluavivesisaassulagly Limit Switch ludumouusn waglauinniansa

ineslunsnsivasulutunaugaiing

Check
Pokayoke

wiiy MARKER CHECK QUALITY

iy BOLT SET a¢ JIG POKAYOKE l I wiin BOLT SET sindiua CALIPER ] $u TORQUE RUNNER u BOLT CALIPER ‘
2 seconds

2 seconds 2 seconds 5 seconds

5UT 3.2 WWhAnuenuwazn1snsaeuluanlutagiu

3.2 mi‘UszLﬁuszUUnﬂiﬂizﬁ'uqmmw (Quality Assurance Network: QA-Network)

UJagUunuindgminisdesnunisuseneuiiasudeliiiunuginnenis seauyseiu

Qmmwiua’w&uaq Outflow Prevention Problem Tagsquil Assurance Level a8 7 59U L4

Bl)

(@1115091#291nM13799 3.1) @UNAIINLINTFINNTVINTUYEINTEUIUNT Check to Parts Lae
Control Item lalsunsuseAunmnmls 3 azuuusedu La wihiy siiifosnnunisdszneuiin
U %qnwsﬂszna‘uﬁmﬁuﬁu%damaﬂ'ﬁzmﬂlmamwﬁammﬂaamﬁaﬁuaaqﬂﬁw (enunsaglsannasnsd
3.4) uazilu V'S (Concern Safety mmsagﬂé’mﬂmﬁwﬁ 3.3) s EAUN1TSUUSEAUILADY
Ju ¥ @unsagliainmsed 3.2) witagdumasuazuuudaifisuduasned 3.1 meedng

seivazey © vilidenufeunildndes uazinsasivaeundenisdsenavaznatadu

Automatic Check sesruni1sSuUseiudananadu 3



A15197 3.1 M5 uNanTUszliusruunsUsEiuanAw (Quality Assurance Network : QA-

Network)

QA-Network(Wrong Part) Table Current

Pokayoke
=

Pokayoke
5

Actual part, ID display
2

Actual part, ID display
2

Problem Occurred Operation method

Prevention
Control

Operation method

Item

standard

Assurance Level

standard standard
2
Operation method Operation method

standard

Check to parts Standardloperation

Automatic
6

Outflow Prevention
Problem

Operation method

Control Item standard
]

Assurance Level
Point

Standard & record of
function confirmation
2

8
1
*

Occurrence problem Outflow

prevention

L1 14 - L1 8. &5
L2 10 -L13 L2 O~ d 7
L3 b =79 L3 4 -
L4 3 £ (5, L4 2[52°83
LS 0j352 LS 0 -

Outflow prevention

Occurrence problem

oW
I

LS

L1

L2

L3

L4

000 |% 4 |s

LS

>lO|0]0 % |w

x|>|0|@*

x>0 (O %

AN9199 3.2 AT NUTHIUTZAUAIUTULSS

Hazard Level Table

VS

Large

Medium

OO ¢ |>
O©|O)|w
o010

Small

> > Op+|o

17



A15199 3.3 M5 NUTEEIUNANTENU

Harm/defect Level
vS Concern Safety
L Important function loss
M Basically function loss
S Appearance Problem

A157199 3.4 AN WEADUNTIRTIANY

Found place

Effect to customer

Effect to Final inspection Check

Effect to Assembly P

rocess at (A)

goO|wm| >

Found to Production

process (K)

3.3 NISHNWUUINADY

Tassuatiuillalddanasiiu YOLO dwsumsAumitazidnnm wazlalausis Imagea

Y

18

dwfuadravudaedaelduisguooniu 2 raauazudsnmivuneenidusesdiufeduily

Tumsin 80% wag d@1ufldlunsnaaey 20% Ua9ANanLn tnsiltunaunasaluil

(%
1Y

1. argnnnInluanainndesienalasaza8luany a@aakuubuuay 200 AN

M0 eAIFUN 3.3
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5UN 3.3 nnenenldlunisiinuuudnaessud 1

3U# 3.4 aeneildlunsinuuudnassgun 2

Y

2. lunsinlupaillddnsulnainesanasun 3.4 lagazasrslwamasyodn Train AU

U Y

Validation 91lusieaedlnainasazasialaimesde images nu annotations nelulnaines

images aziiugUanefiliainds 1. dwlnaines annotations azfulndnlande 3.

v dataset
cache
json
logs
models
v train
annotations
images
v validation
annotations

images

31]17i 3.5 Train Validation
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3. 14lUsunsu Labeling Tunsiiufiouazsunisvasinglunmlagasfinsoudmuiiy

g
a

dafiaulaudvihnsinueteiion ndsniinseuiuimustoiasaudilndazgniuindu wwana

XML TugUuuuaas PASCAL VOC

3 labeiimg D/YOLOV3_Train/dataset/train/images/batch_IMG_0300jpg

Fie [t View Help

Box Labels
[ et Label
] aemcun

(] Use defautt tabel

Cliigh
TS

5Ufl 3.6 Labelimg

4. nsilnlunaagldnisilinuuy Transfer Learning 1ngld Pre-Trained Model Aansiin

T,gJmaﬁﬁmiL%'auﬁwthaiums‘?]ﬂNuLﬁaLﬁmmwmmL%'ﬂumi?lﬂima waznsHnlumaarinlag

1% GPU tiatiuAnusIslunsUszaIananIn

1from imageai.Detection.Custom import DetectionModelTrainer

3trainer = DetectionModelTrainer()

4trainer.setModelTypeAsYOLOV3()

5trainer.setDataDirectory(data_directory="D:\YOLOV3_Train\dataset")

7trainer.setTrainConfig(object_names_array=["High","Low"], batch_size=4, num_experiments=100, train_from_pretrained_model="pretrained-yolov3.h5

18#set object_names_¢
11trainer.trainModel()
12

sUTl 3.7 Waunsuitlflumsiinluina
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3.4 N15USLAUUSEANT NNV ILUUINADY

(%
1 A

nsUspiuaNuulugRzliaiugiuey 4 A1 Ae

o«

1. True Positive (TP) Aodruaunmsvihwenigniluaanaiaulaeg
2. True Negative (TN) Aodnuiuiivihunegnitlildidupananiaulasg
3. False Positive (FP) Aoduiuiivihuneiinudupanafiaulasg

4. False Negative (FN) flodhuauivinneiaundupaiailildaulaeg

TaglulasssuatiuiagUssliulszanSnnueinuudnaodnieal mAP (Mean Average

Precision) Faduaadsvasnunlansin Precision-Recall Tuaag 0 84 1 ey Precision 1Ju

v
o o

v mAuUuEluN1SYNUNEUBATDY kA Recall Lﬂuﬁauaﬂ’iﬁmLﬂ%@qmmmﬁ’mwgﬂﬁaﬂé’

ynvinlng

g TP TP = True positive
recision = —o——5
W TN = True negative
TP FP = False positive
Recall = —
TP+ FN FN = False negative

& precision - recall

F1 — A TR P Y
precision + recall

gﬂﬁ 3.8 Precision way Recall

3.5 loU (Intersection Over Union)

Jwisnsiliinanuaenndasseninsoyaassalnglusisnuatuiagninefisiniealy

nsaunLATaslavinnisvinuie fuRinalunseuiiduiaas

D Ground truth
[ Prediction

joU= exolovetlap
area of union

SUN
Y

3.9 loU (Intersection Over Union)



U 4

NaNISALLUIIUY

4.1 wan1stnlassinadseaniney

Aa

nsilnlaseeysramiisulalgnouiunesniniislseuiananals Intel Core i3-7100
RAM 8GB uagivtlsuszuiananin NVIDIA GeForce GTX 1060 RAM 6GB lun1suszanana oy
fmuasevlunsiinlassigUssamiiousionn 100 seu aanlunisuszaanaussunm 50
Falu

JUM 4.1 wansangayideiadsvenuudnass lnenuinAladvggdsvesuuudiaosanas
13089 uazBuAINNTOUNITAOUT 20 uasAnfegadevesuuuiiaedidimfigalioaoulasadig

59UN 72 lnuAngaiduiniuazeg 1.49 uazA1 mAP Alaarnnssulusensulunisuseiiiuna

U v

anusaglaanngun 4.2

YOLOv3

60

e e e e e e

0 20 40 60 80 100 120
Epoch

JUN 4.1 nvlAgeyideiadevednuuinges

U

Model File: dataset/models/detection_model-ex-72--loss-1.49.h5

Using IoU : ©.75

Using Object Threshold : 0.2

Using Non-Maximum Suppression : ©.45
High: ©.9809

Low: ©.9628

mAP: ©.9418

None
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4.2 n1snaaaulasetigussamigusuluswNSy

v
a <2

wdtnildhnsinaoulassiisUszamisnaiodu Jsldvinnsnaaeulnothnimany
nnndesiiedesnlnanasmouinaesidlusunsuuasiassiefadaly uazainami 4.3 apsam
usSN WUIIERITBULINKUUSRRsannsansnaeulugnaaUesiusaldisansiiognegnd o
duguitanuuuiaedsiaunsonsaseuludnanduivesiusald esnnyuuasuaniliueuves
fludnnaundulufuimmadives dwgdaavhedumsinefifuindesnndnvaeiisus

AAUAURILUEAN

JUN 4.4 nan1snaaeulassieyszaiieurulusunsugun 2
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unim 5

ayunamsaliuauiazdaiauauug

5.1 d3Uwa

lassnuaniafneavuilaldnisannenludanaidlidesiusalasldnassdiofalunis
feamfeiiumegslunsindunuusiassmisdanessy YOLO wayldlausns ImageAl #diann

nsRaduliealaasy 100 seU HaUTINgIAINTEdeRRgveInIsHNkUUINReRARIINNgn oY

NS0UN 72

Taefian mAP Nlaainnissuluswnsulunisussdiuna windu 0.9418 9 loU AU 0.75 31nn1S

1o

wmamﬂmaﬁwmwlﬂﬂizmamam"miﬂiLmiummsam’m%’ulélmmﬁ%ﬁmwamagj MINVdsu

UsgAnsnmegluinasinieensuls asvillenszdudunisusziuquniman © 1Ju ¥ dwu

NWAUNSHARNIZANALSIAdbeUSEUN 80,000 U/

Quality

20

18

D) 8

14
L, 3
% 10
g 8
£ 11 11
5 4
S
<

0

Current Ideal

= OutﬂO\_N 3 8
prevention
B Problem
Occurred 11 11

5UN 5.1 nsimsLiinfuvesseiunssulseiununm

v
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Productivity
Total(Baht/Year)
250000
200000
79,764 Baht/Year |
150000
100000
50000

Befora Kaizen After Kaizen
m Total(Baht/Year)

5UM 5.2 nsimsanasvesAtusased
5.2 Vinweilasuniswmun
ninsuditanmstnaniafnwiluaselilvdmdnlavauluinvenneitesiv
NITUIUNITNUFIUNIMURAAIMNTTUNIINERTUIEAY World Class Ingianns Toyota Way 3aua
Uszifiuvinueldufssunusudansgud 5.3 f3nduegaunnluniseenluvhnundaunising

w
Togc?ta & == Before - After

-

25

TPS QA Network

Al Skill Kaizen

JUN 5.3 nauszidluvinyenoulasnaen1sinaniafin
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5.3 Ugynuazisnisudlateym

= [

esmndmddanuanudiungliifomedwhlilasanddluneaunis 33ns
widgwiAenisAuaimideya sruunay uide AnwiIsnndeulusunsuniuilneu
(Python) wagsnssrntusunsy medumesiun Snuisniamudunamadiuainuasnde
n1edunesiunAsutuInTevinlinisauaidt asandinanuazaslusunsudulylaeg g

gInNaIuIN ﬁaﬁaﬂ%@umas‘mwé‘hLaﬂumiﬁum%uua

5.4 UaLEUDLUL

Lﬁaamn‘imﬂiﬁ@LLaiﬂﬁﬂmhjﬁmwm?mwwéﬁ’mﬁ MMlvlassuandululadrdnin
fuuansiinasesdu msasiiyaainsiilidusnudlidesmamadut daueumdoumad
gunsal lesannmeanenisudn 3 dseglusnimsdudulasinistiifugUsssueguduareg
lussihamsinsandadenfimiondesialeuaraunsnisznou sewailiasiinissraesiiud
Win@nwildmaaounionaassiiioifunismssuainundounou Implement 1@unisasos

LASOUNYABUNILADS 815AURT FanduIsALe A ULTNASAvan 1 Huduy
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