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SUPAPORN BUNRIT : AUTOMATIC CONSTRUCTION MATERIAL
IMAGE CLASSIFICATION WITH DEEP LEARNING TECHNIQUE OF
CONVOLUTION NEURAL NETWORK. THESIS ADVISOR : ASSOC.

PROF. KITTISAK KERDPRASOP, Ph.D., 189 PP,

CONVOLUTION NEURAL NETWORK (CNN)/TRANSFER
LEARNING/AUTOENCODER/CONSTRUCTION MATERIAL IMAGE

CLASSIFICATION.

Various sub-tasks on modemn construction management system require
automatic or semi-automatic processes in handling the operation inside. Especially for
construction progress monitoring task, the automatic process in classifying the
difference of each construction material from an image is necessary in the preliminary
stage. The more the preciseness in automatic classifying, the more the exactness in
assessment of each material had been used. Subsequently, the progress of the
construction can be evaluated with the highest degree of reliability. Almost all
existing related works have been studied based on hand-designed features of which
the classified accuracy still not much appreciated. In this research, automatic feature
extracted method from the prominent technique in deep learning, convolution neural
network (CNN), is studied. The pre-trained of ResNet101 model is adopted in the
concept of transfer learning in the scheme of fixed feature extractor. Data
representation learning based on autoencoder model is then employed to encode such
the CNN extracted feature. Finally, multi-class support vector machine (SVM) is used
for the classification stage. This research also studied other diversified methods in

applying CNN models. The pre-trained architectures of AlexNet and GoogleNet are




also explored compare to ResNet1(1 model. Whereas, principal component analysis
(PCA) is investigated to be compared to autoencoder. Experimental results reveal that
with the autoencoder-based method employed in the proposed work, the classification
performance can improve more than the performance obtained from PCA in all cases.
Especially, when the fixed feature extractor of ResNet101 is used as the input to an
autoencoder, t.he classitied result outperforms the others with an accuracy of 97.8%
for dataset 1 and 98.0% for dataset 2. Tt can be inferred that by applying autoencoder
on top of the pre-trained transferred features from a suitable transferred model, the
performance can be improved without the need to train or fine-tune the complex CNN

model.

School of Computer Engineering ~ Student’s Signature s \ﬁf“j\j"f‘ag

Academic Year 2019 Advisor’s Signature W s




=\ =)
Ananssndszma

(%

Aa a o'dyo ] ' Y a2 ga Yo = ¥ o o o
MININTUNUTUTUIIRANAIYA W2 Elhlﬂ Uﬂ31uﬂ§m1lﬂ8’3ﬂﬂﬂ1lﬁﬂ‘kﬂ ANLUSUN
' F
fﬂﬁ\ﬂfﬂ NITaHUTYU uazmmmamﬁaaanam °nmNﬁmammmazﬁmmiﬁuuumu
av 1 9 o 1 Az i Aa ' Y
YYINYAfnallasnquynna Qﬁ%EJ"II’E]ﬂiWUﬂl@UWi%ﬂmuﬂﬂaﬁ@qﬂulﬂuﬂEINQ’Q ‘VIlIﬂ’J‘H‘]S’JEIGl‘H

a a c’dy 1 9 =~
INTUNUTUAINAIYA
'd

o [ Y] a a a 4
FO9ANANTI138 AT.NAAANA 1NALTzan I UIMIAINTTUABNNAADS LAz
P a a s Aq v ] 3 2 Yo o
219138NTAr Inetinus nldlemanazwanlinisousy deaou uuz limdilovay
1 A o = a o = Y o ) d’ [ o
19D IUNITIMIANEIIT8  52uD9M3 lauuziuneInuzduunlumsitayuena
= a J =
MIANEI AT DT UATIZHNANTANY
o a a o o a a a 14
F09AIAN519150 A5. 1A 1AAYTZAN 819150152 T1VIIFIAINTTUADUNUADT

a a o’td' Y & dy Yo w [} A
HAZNITUMTTOUINUNUTN N lonataziuaaiaddaay ¥uug lvinaslavazsremiaslu

L4

0o Aw = Y o o =~ a a o 3
ﬂTﬁ‘VITJ{ﬂﬂi’JiJﬂQﬂ?iolﬁﬂnluz“I,H“h!ﬂTi!f’Uﬂulm%ﬂﬁﬁﬁ]umﬂl?%fJTuWH‘ﬁ‘OULﬁﬁ]ﬁiﬁJvﬁm

o v Aa

4 J o A 4
509A1AA319150 15001018190 A5, NUATS S1iszaan asuadninian
a o’td' Y o [ = 1
Arnssuenaasn v lemadimiumsaanyine
wianedemaluladgsuisnlddalomalddmiumsardnyiae saudems 1

MFATUAYUNUMIANE HAZNUGANY UM T UAUDLAZIHOUNTHAIUIDY

qQ

Y 4 a = Y o A 4
HEIYAIAATI15Y AT. IN1I JAINS LASHFIYATATITY L3DDINIALDN AT. SIEEREE Y

° o £ Aq ¥ ° 2 Ya A PR { C4 A2 =
ANTITA ﬂi’i‘JJmi‘ﬂ“ﬁﬂﬁtL‘L&zUHLﬁz%LLHﬂﬁD%muwu‘ﬁﬂuuuﬁuyimmmwu JIUN

v
Aad A o

J a £ !
919130 A3. NTWA JUANT ANTINIAMTodazIaNHININNITUMTTOU
v o a ~

H¥20ans19158 a3 55T duds Wonihlasansivedagdguiamineunia

'
v = v

iragan Az silsanuazalnuaz linmseynngdinernuaniuiaenmiagdy
= A Y ' = 9 aw &
wannaeunIasaga e lsiludiunisvesgavoyaninluanuideil
4 o a a a a 14 a @
outiuAAANEY AU 13X IINTTUADNNIADS Vi INeIema Tu Tadgsuls Nnau

~ ] A o o A av Yo X o w
Naesrrariaenu lunsaniuaIuIY ﬂ"ﬁ{l“ﬁﬂﬁ_ﬁﬂkﬂ saupemasle

[ o

¥y A gao A Hdq v 2
Mmau @')ﬁ]ﬂﬂl@ﬂﬁWUmﬂUWﬁgﬂmﬂﬂT 1IN ﬂiﬁﬂWiQﬂﬂTigﬂﬂﬁﬂlaﬂﬂf} eIy

Y
v A o

= ¥ o Aq Yo o 3 1A o a a J ]
NITANK 5')NT]\Tﬂﬁi’]llﬂﬁ'ﬂﬂch’iﬂ’]aﬁlﬂlﬂu@ﬂ’mﬂ!ﬁﬂ@ﬂW AUNTENIINYTUNUTRUUUAUID
' Yy A
AaNAYA

4
FNINT YYgnsd

A9



aIvsy

%
DI
UNAATD (DVHYINI) oo oo f
UNARTD (D THTDINNH) oo ee e e e e s s s seseeeeseeeseeeseeeseeens !
DN T THU T 1P oo N
T 1TAT Y oo )
TNTUTYN NIV oo 2l
TVTURTU o 9
4
unn
1 Unin
1.1 ANuaAyHas VT YMRINT IV ..oooooooeeoeeeeeeeeeseesee e 1
[ 4 a v
1.2 00U TEAIAMIIIVY oo 5
1.3 UDULUAUBINTNT IDY oo oo es e eee s e eeee s e s e s e see s es s e s 5
t/' Y]
RV Y Do CT T VA7 =5 | B 6
o d av d’d’ v
2 USNAUITTUNTTUHAZIIHIVEITIDEIUDD oo 7
2 . &
2.1 WUGIUIATIVWWUTZANINAN ..o 7
)=} Y 1 =
2.1.1° MIBeUIUeIIATINGUTEAMNG oo 10
212 MISOUSIUDHRHNAON ot 11
[ 4
213 TATIUNGNOSIBURATOU oo 12
1 4 2’1
2.2 TATUIUNOTIHUATOUUUUNOVIFU oo 16
Y 1
221 Wes AT o U LUNA T UNNUINAIEDANO T NULUUUNTAAY ... 18
a ¢ A 9 @ a KR 1 1Y
222 MIIATIZHND 1 UDANOT NUULUUNT DAL eoreoeeeeeeeeeeeee, 27
223 MIUSUUAIDANDTNUMUUINT OB oo 28
=) Yy a K
23 MITTOUFIBAAN oo 29
= Y a =K ' v
24 MIFEUIIFIANY0IATNIBUTEMUDUADU TIGTU coovvvvvee 35

k4
241 Mg mdoyagUnmuaznsAouTIQHY oo 36



CRRNLIRG L)

Y
Hi
a o w J @ ]
242  wwnadngyuazednszneourianuedlnsielszamuuy
ADUTIGHU e 47
= 1 J o 1
243 wazeealuugazentlsznouranueslnsevielszamuny
ADUTIGHTU e 51
25 a01laenssuueaInsa1esgaNuUUABUTIGHY .ovvvveveeee 57
2.5.1 O NTABNTIUUDY LENCE.coorovvroeeeeeeeeceeeeeiessssssss s 59
2.52  AONABATIUUDY ALEKNEE oo 61
2.53  AOMANTIUUDY ZE Nelrrrorrrrmmrrereeeeeeeeeeesesseosesssssssssssssseessee s 63
254 AONAINTIUUYBY VGG NElrrrrornieeeeeeeeeeeveoveooessssssssssssseseesee s 65
2.5.5  ADIUAUNTTUUDL GOOZIENEL ..ooriveeeoreeeeeeeeeeeee s eeeseseeesesseeseeseesseseens 66
2.5.6  ADITANTTUUDY RESNEL ..oovvvoooieeeeeeeeeeeesvosessssssssss s 71
26  midszgna g lnssiiedsyamununeu TgsulunGuia .o 75
27 nuilszgnan ¥ TaseinodseamuuuaouTIgHu o 76
2.8 Frameworks ¥93 1039018152 MUVUADUTIGHY .ooovvovvvvve 80
2.9 TATINIATOUNITHATH THIR 1o 82
291 195UNTHASA TUTRMUUAINIAVUYTO oo e 84
2.9.2 1ATOUTTHADA TUIALUY ReQuIatization - m.....eeeerereeeeeeeeeeseeseeeeeeeeee 85
a J J @
2.10 MIMATIEHOIAUTEABUHAN .oovovoero i 86
A ¢ &
211 IATOUINMADTIADM UL oo 89
ao dd
212 QMUATITURIIVOD oo 94
ad o A a v
ABAUHHMAIHIVY oo 101
9 e
30 YATVDYATANY oo 101
32 NIOULUIAAITUITY oo 103
321 msdszgnd 19 Tasainedssamuuuneu TgFudiomsisou
LUV TOU. oo 104



CRRNLIRG L)

%
DI
I I LR VR 11 G 1 R 6 VA R TR L O 111
33 uReN AN (PropoSed WOTK) ......coeeveeeeeeteeieeeeteeeeeeeete et 111
~ = Aan A o
33.1  swazeeamsinaoutaznsnaaou I uITMTNUUAUD covereee 112
Y v
3.3.2  Ha91U (Flowchart) @A UA0UMTINIUUY0 I TMSNUUTUO. ......... 115
333 MIMMUAMMTEAesa1e 9 TWIFMINEUAUO .o 120
oL 1 o 4 4
34 AmsdszgnaldlasaielszamuuoaeuTagiulugluuuduineons
= =\ v A d‘ o
ANH TGN DAV IT AT VU UG oo 120
341 M3GoudnUU18ToudINTNAD AleXNEt....ooriooi oo 120
342 MIGouIUUN10 TOUIN THIAD GoOIENEt .....orrreee oo 123
° A Y o Y Y ax B A
343 M3dunadanssHateyan18I5Nsved PCA 1 lgununTod
9 @ [ wa
BUNTHEOR LI Do s es s 125
9] 1 % o -7
344  mydainamdaenssuvedlnsanelszamununeu gdudmsy
= v D) A= 2
MIANABUAIIFATOYANANEIVUN IO ..o 125
o [ a Ll axy =
345  MIMUUAAMITINBSAIE 9 IWITMSARE S oUNEY ecoee . 126
3.5 MSFeUNeUTLANTAINUDIN TV VU oo 127
a d
4 WANITADHIALIT IATIETND .o oees oo 128
=< an A o
41 HAMISADHIDINITINIT AU UEUD oot et 128
ax A o [ 9 =
41.1  WaMINAaedaInIBMINUUAUAULATDYAN 1ereerevereereeeeeerrnnnnns 128
an A o o 9 =
412  HaMINAaLINNITMINUUAUOAVYFATOYAN 2., 130
1 a d o o ~ 9 any A )
413 anee AN I IS MINUUUTUO .o 131
= an A A = ~
42 WamsanEIINITNMI IUgUuDUdY o oM sAnETsuMe....................... 132

=< A A Y] ~ 9 1
421  msanymfeumeude lsmsFouguuvoisTounnluma AlexNet 132
422  msanyfieuieuieldmaseuiuuuaieTouannluaa
L€ L0074 11\ SR 135
= = d' o A 9 d' 9 Y]
423  msanyfSeumeulen snsves PCA 1 lsununsoausvia

D LI Do 139



CRRNLIRG L)

4
Hin
= = A Y ' o Y
424 msfnpuleuneuiead wamdaenssuveslassinedmsums
d 2
A OUUUMMUD..oeeeeeeeee oo 140
A a = =
43 MINAAOUNUANLAE MTUTOUNOUNANITANE Veereeeeeeeeeeeeeeeeee e 143
44 MIITANNFUFoU (Complexity) YB9IDMINIUTUD.covvveeeeeeeerere 148
441 MINATIZHN Time Complexity 48% Space Complexity........ccevcerereernne 148
442 ™M3A Running TiMe ......coveoiiiiiiiicicceeceese et 151
4.5 PITOAUTIIHAMITANEY cooeoovveeeoeeeeeeeeeeeeeee e eeseeseeessseseeessssseesseeseeessessseeenns 152
5 UNMAFU s 155
5.0 AFUNANITIVY oo et 155
5.2 UOLTUDIUE ooooeoeeeeeeeoee e eeeessseeees s esesesseeeeseeeeeeeseseeeeeesseessesseseseeseseeeesssenenens 158
FUMITONIDT oo eeeeeeeeee e s sessese e e e e e eeesseee e eeeseeee 160
a Aa A o U =
MARNUIN UNANIBINITAATNUNTEHDTITDE T e seeeseesesesseeseseee 167

UTETAFITIU ..o e st oo 189



MIN

2-1

2-3

2-4

2-5

2-6

2-7

2-9

3-1

3-2

3-3

4-2

4-3

AIVYNTN

4

f ¥
I'd g‘/ A 9 9 [ Aa R 1 [

MO HUATOUIVUH AT UNHUINAIIAIDANDT NUUUUUNT VAL oo 18

@ [ P 9 [ Aa R 1 v A o v Jdou @ [ g’; [

daanvain1¥ludanes MunuuunindunduwusnuruuAaz s U 1SN0 ... 21

FOUAN IFUTENDUMITINAVDGN <o 21

Y
F1HDEIDYATULADEFUUDG LENCL...veooeeoeeoeeeoeeeee oo 60
Y
F10AZDUA TULADE BUUDT ALEXNEE oo 62
51002108018 TUYDIADITAUNTTU GOOZGIENEL ... eeesee s s eeseee 68

~ 1 Aq ¥ =< A 1 v o ] v 9
ﬁ’]ﬂaglﬂﬂﬂﬂl@\iIﬂi\ﬁl’lﬂ‘ﬂﬂﬂfﬂ'ﬂﬂaﬂ“l’l!l,@ﬂﬁ’]\?ﬂﬂﬁ’]ﬂiﬂﬂ@ﬁﬂﬂﬂﬂ%ﬂﬂ]@ﬂua

TIMNAGEINEL ...ttt ettt e s e et e st e e st e e st e e e bt e e beeenteeeaees 73

[ Y [ o

aylfFouifouanuisennerteanumMIT U MAaa luauno a3 e 98
@ 1Y Ay 9 o ) = 9 A A=
arodndeyan landsninmauasdoyamwlugainadousinyadoyai 2 NFny
9
Tioglug iU IRUaNHAUZIINGU FC, 1000 ..........ooooe oo 118
v 1y A9y o 9 9 a4 A=
aedadoyai lanasnnmsulasdoyaninluganageuninyadoyai 2 Aanwn
9
TioglugduuUveIUENHAUZIINGU FC, 1000 .. .oooeso oo 118
v ' 9 9 = = v 1 9 v 9 4
arednvoyaluganadounnyatoyan 2 NANYIHARIUNIINITHAAI8IAT D
9 v W wa A Yo a 2 1 Yy 3 a
3o Tuaia welguauiizsoulusuaeud wilu 45 U150 e, 119
o 1 = 1 R R
A79819318az0eA IuuAazFUEesv0Ia01TneNTIH CNN JUuDUHIINa 30
y 2 A v v =
A5NVUNUNOAN AU TABATINUTOYAYAHNTOU oo 126
o A 9 axy A o 9 12 o
agiwaansn ldonismsmivavedmisumssuunamluganaaeuved
o A Y1 o 1
AT03aN 1 1AIFAININUINATIANI ) oo 129
o Ay Y an A o ) o o
agdwaansn ldanismsnduauedmsumssuunnmluganaaeuves

9 A Y v
AT01aN 2 TASTHFMIDINUINTIANIT ) oo 131

]
v =

1 a o o 9 A 9 v W wa A a
mmwosdayn 19 1u Tumaveunsoudsiasn Tudanmnzaunga

o

YDUADL YAV O -.orrooeeeeeoeereeoeeees oo sooeee s 132



M3UUMIT (A0)
Vnﬁ%?ﬁ

4-4  nlieuieudszansnmildanmssuunde ldnadnuusNanaoenuinin

Y ]
FUNUANATINUUD TIIAD ALEXNEL cvvoveeeeeeeeeeeeeeee oo

o I 1 4 3‘,
45 apwaansnldoinmsBeuduuuaeTeuilold Tuma AlexNet Tunseos

FUUBURAIIUIATIAAIT T oo

4-6  nieudeudszaninmildnnmiswunieldnuanyus Nanaeeniun

Y v
VINFUNUANATIN UV TULAD GOOZIENEL ..o eeeesseeeeeseeseeeeeeeeseeeeens

o oA 1 4
47 aydwadnsnlannmsSeuiuuunie Towield Tuaa GoogleNet

Y
TUNQABIFULU oo

[ a d o @ A o EY 1 d' o FY (% v =1 9
4-8  mwnnwesdaynhunlyluuaag TwaaminnlylumsUsouaeamsizous......

[l
o ~

o A A o @
4-9  agdwaansnlanitmsmhnuanyuzNana ldvin Tuaa ResNetl101

9 o axy 4 o {
VUIHaR835 PCA ot 1una MIuganado Uy gatoyan 1 . e

=

1 A ~ 1y ¥
4-10 518’@3!58@5]181“1?]5\161]’]861]@\1ﬁ'ﬂ’lﬂﬁﬂﬂiﬁuﬂlwu’lgﬁﬁu'ﬂq@'i/]b],ﬂﬁ]']ﬂﬂ'li

9y 49! Ao dy
ﬁﬂwummﬂumm%u ............................................................................................

4-11 1 Hyperparameters Nfvua luvesanlaenssuimunzauigai laainms

v Iay Y an A 9 = .
4-12 ayUwaansn lannismsnad nandasnssuiminzanvealnseelszam

Y : v
upuneu Tgiuduy e edwunnmluganageuvesgadoyad 1.................

' 9 v v
4-13  1WfFeuieuITMINAN M NINNADIAAIAINAIR VDA Accuracy 71 19910

MITUNNNIUFANATOUUDIYATOUAT 1.ooooereoeeeeeeeeeeeeeeeeee

4-14 fSeuieunansAny1INMIIAnT Accuracy (%) ot uaTaudnsasn Tusia

X Y A AR w
waz PCA M 1539ma28TunnnIANANYINY GoogleNet Hag ResNet101 11013

TUUNDINYANATOUUBIYATOYAT ©.ooorrooeoeoeeeeeeeeeeee e

~ = v 1 A 0 A 9 L CZN
4-15 L']_GEHJL‘V]EJTJWﬂﬂ”IiﬁﬂHﬁnﬂﬂ"li’Jﬂﬂ”l Accuracy (%) LN@HTLﬂiﬂQL%Wiﬁﬁ@@IHN@

v Y AR o
wag PCA 1153928 TunnnstNAnNyINY GoogleNet tag ResNet101 11n13

)

TUUNNTNYANATOUYDIGATOYAT 2..vvvrroeeeeesseesoseessees s

Y] v
v =

4-16 @70819M131UI1UIY Parameters NINUANADI 11U AlexNet. .o

2



M3UUMIT (A0)

= v
AN “i

Y ] ]
4-17 17U Parameters 4aZ 311U FLOPs Naviuan 14 1uuazas Model NANE1

a dy
I I Lo

ax 1 AR 2 A o w ! Ay v
5-1 ﬁ?‘ﬂ?]‘ﬁﬂﬁﬂ’f)ﬂ S NANEINIUNUALNDUTAINIUAIAVUVOIAT Accuracy Vlhlﬂmﬂ
MITUWUNN N TUYANATOUVOIYATOYAT T ...oorooeeeeeeeeeeeseeeee
axy 1 d‘d ?,’, d' o w 1 d‘ Y
5-2 ﬁ?‘ﬂ’)‘ﬁﬂﬁﬂﬂﬂ S NANEINIUNALNUDUTAINIUAIAVUVDIAT Accuracy ‘I/Ihlﬂmﬂ

MITWUNNINTUYANATOUVOIYATOYAT 2....orooeeoeeeeeeee e



€an
=
=h-

2-1

2-13
2-14
2-15
2-16
2-17

2-18

2-19
2-20
2-21

2-22

W
a3l
U
Y
Hin
1 4 P d' 1 @ 1
drlsznovvessaallszamluanoayyenilumsieunenuved Insang
TolihFanm (Bioelectric Network) LT C T R 8
1 1 1 H o o
Tuaa Insanielseaminonod I NeN@euLUDTEDUM IO IUTUDIUDINYYE......9
1 4 a
TATUIENOSIFUATOUUUUTIVTOUIRYY oo 10
A20819 NI 1F TATIOUTEENTRON oo 11
a = Y a9y
HUIAAVDINTITOUTUUDTAHNTOU oo 12
] 4 a
TATIUINO T IHUATO UMD VT AT ITOU oo 13
9 1 ~ 9 ] % @ 9 4
@unianeni 1AnA N gaMeue UNO TFUATOU .oooooooooeeee 15
SEUNULUIIN T BN TOE RE3, S=1 oo eeeeeee oo 16
] ' Ay v ] Y 9 a
dunanenin 180 duns 1@ UFUUTLABUNY AT R=2, S=2. oo 16
1 J g’/
0117080550 U09 1ATIVINOTHUATOUUULI AT oo 17
1 a P g [ g’; 1 U Y 9 '
AMwaumes ninavu lutaazduaoussaumsuns lldariuazdiuns
NS ARUUDIOANDINUUUULNTVEU oo 20
1 g v A Y 1A o Y v 1 1
AMETUAUUTUARNUATHNY Wi, HAZ W oo e 22
1 90’ -7 1 g}J d' 1 % -7 U
anhin lminanuan 18vo 159 ena T UTOYAAITD erreo e 26
a =3 Yy a K
HUIAAVDI THIAAMITITIUTIBIAN ettt 30
[ v J 1 a = Y a K [ a d'l d‘ d‘ 9J [
HHUANANNTUHUTIEUINUNANAMI FoUIFIANNUNATADUNNGITOINY ... 31
v 1 Y
YUIAVOIYATOYATUNYGIUUAADALIAT oo 32
Uz AN NN IRINNATAMTTOUITIAN oo 33
Y v Y Y 1 9
Ianmsvosiuiiseunavuan 1 lurugowdiuauaiEuhsuse iy
W U T ATV TEANNTGY oo 33
PVTUTIAINADTIR v e s s s e s s s s s e e sees s es e s esees s es e sees s se s 36
FUMDDVOINAAGATUNII oo 37
AVOGITVOLDNTHUTIRY oo 37

AIDI NV OYANINTZAUIN oo 38



€an
=
=h-

2-23
2-24
2-25
2-26
2-27
2-28
2-29
2-30
2-31
2-32
2-33
2-34
2-35
2-36
2-37
2-38
2-39
2-40
2-41
2-42
2-43
2-44
2-45
2-46
2-47

2-48

)

a3t (910)

4
Hin
o 9 = A ¥ a
A7981970YaNNALUD RGB Nuaazannilsenouaiea Iueuunud .. 39
AIOGITOYDNTNTUUY TNAEXEA oo 39
A TunaazdwmuueImMInouTIgFUIU 2 WAoo, 41
A29619MIATUIMAININNITABU TIGTU oo 42
@ v o 9 [ A~ Yo A o
A29619M 30U 199 FUNUTYaNIMNLBNNT 1FAINTOINANFUUVUAUY oo 43
MIADUTIQTUTU 2 T 44
&Y ana v A an =) Y o =)
msnouTagdulu 2 Tanudumna 3 16 (MFA1FAINTOFUUVURG) cooreeee 45
msnouTigulu 2 HAnUBuNA 3 UA (NIAU1FAINTOI N FUMUD) oo 46
o q 9 v
M3ABU 199 FULUY 1 X 1T (NFUTFAINTOIN JULVU) oo 47
J @ ' @
99A1/32noUNANVDI 1ATIVIGUTZAMUVUABUTIHY oooooo e 48
uuna U WYed T a 1n599181 52 a1 NUUBADU TIGHU .ovvveveeeeeeeeeeee 49
ANHUVDWAALTITOUTUIATIVIG. oo 50
TnyzAoya lUNUIED S1AZMTAUIUAVOTTITOU oo 51
Y v 1 =3 4
VOYAUAASLHU TUIUIANUDUNUITDT oo 52
Y
ANTTUNARIADIRAVGUD ..ot oo 53
d Y VA 1 @
M INTARIOAITMUANANINTU oo 54
1 J o
MFUUBIARIITINTU RELU ..ot e 54
NSRRI UTOUATHINUIBOT Lo 55
o ' ' o 2 { <
29619A1INMTFINARWUUDAOUAZIUVDITING oo 56

[

FannmsvesnnuanluudazaonaenssuveslnssnielszamuuuneuTogsu...57

AN AGNTTUUDY LENCL ... 59
ADNTAONTTUUDY ALCKXNECE. oo 61
DN AINTTUUDY ZF Nl eeeeeeee e ees e eeeseees s ses s eee e eeeeeeeeesseeeseseed 63
Deconvolutional Network ﬁi%’ﬁm%’ummamwmmuﬁﬂm ANHUL v 64
a0 1TAENTTUVOT VGG Net 111013 0UROUTY ATXNCE oo 66
ADITAUNTTUUDL GOOZIENEL ..o eeeseeseeseeeesseeeses e ses e seseseeeeseeseeseend 67



€an
=
=h-

2-56
2-57
2-58
2-59
2-60
2-61
2-62
2-63
2-64

2-65

2-66

2-67
2-68

2-69

2-70

a3t (910)

4
Hin
NINVLAAITIALIDIAVOIT 09 1ATIVIBEDINY U GOOZIENEt ovvvoeeeeeeeeeeeeeeennn. 68
Naive INCeption MOAUIC........cceiiririeieierieee ettt st neenee e 69
v 9
AUNTeaMIneu 19gH U1 3(a) Y89 GOOGIENEL .....ovver e 70
uu2AAYDINTT 19 Residual Block 11 RESNEt......oooooooooeeeceeeeeeeeeeeee e 72
ADITAUNTTUYBT RESNEE ...vovoovevrvvresiessesseeeeeeeeeeeeeesessssssssssssss s ssssssssssssssssnns 73
a o 1 a 4 1L a oa
HANTAATIZH luaaued InsaielszamiBaanienisdszgnald lunmalfia .......74
I ] @
sUnuvvesnulszgnan 19 nsanedsgamuuunouTIgHu o 76
4 Y ° 9
AUUTEYNANNIATUMITTUEUNTOUA oo 77
o EY A (9 o ] [ . . .
msh 1l uaulszgnameanumsseydnmisesing (Object Localization) ........ 77
o J o @ a
msthldluaulszgndmsiiisiadeyanuusaTusia (Autoencoden)...........ovoeeeee. 78
o Py o 1
M3 TF IO TZYNAMITUINTIUMIN oo 78
o 4 o 1 o
3 114 w5z gnan13as 199 UN gV IR AN cooooe e 79
o 4 1
M3 114 )52 gnAMSUTTEEMNIVURU MUY oo 79
o L
M358 U5 2gn@ 1 uaIUMISUSTOWAIN oo 80
= [ 1 =1 Y a K
UHUMNSTsUMBUAAEN YLV Frameworks 9119 9] YBINTITEUFIFIAN oo 82
a0 1IAenssuUD IATINITITHAOA TUIR ..o 83
o ~ YAy ¥ y v ' . A Y o
A10819M3BeuIN IdonausewFY (A1 Hidden Values) ¥0un3094151d
@ wa A 9 v 9 a g a
80 TUAMBIN I HaULaIN 8 WA 3 TR oo 84
Y
A10819M3 Projected ¥0YaAIAUAIUUUNUHANIAZNMTHITDIA
4 4 .
ANV TUTIUNDAVUDUIDUIAT oo 87
o Y Ay ¥ v g aa
13151 PCA 119 unsaindoyanafudn 3 08 oo 88
pwanalumsaduduiwendeyadie SVM dmsumsswundoyalu 2 U4
a3 a 9 = '
MU VFUTUOONMTUTBING oo 91
a < 9 3’; Y [l A Ao () d o U
mnaa lumsudidoyansanlegluiSgianvas Inudedansunn . ................ 92
@ ] 14 1 A A A Y ax A
aedved lanjesimaumsuiaeniminz auiigan 1An1n35msin SVM
Y o @ o 9 A & 1
1 MTUMITWUNTOYANININUA 3 NG oo 93



€an
=
=h-

3-1

3-2

3-3

3-4

3-5

3-6

3-7
3-8

4-2

4-3

4-4

a3t (910)

v

Hin
A106199 038N NNFANATOUTNHEUNS TUIUITEVDL Degol HAZAVEY ..o 102
A106199 038NN ITABTUIAVIAOUNS ALTAGAIVINYANATOU ..o 103
a9 9 ¥oa TuAaved ResNet101 AHIUMSANTOUIINBUAIBATDYAN N

< 9y A
U904 ImageNet (Source Task) ‘*NL‘]JL!“IJE]Q’GVI?J 1000 ClaSSES.....eveeeeeeeeieeeeeeeee e 104
MIMUUATIUIY Class VDI Output AN Target Task Ty
BAAUANHUZVINAVTNA. ... 106
o A o A 9 %

M3ITMITunuuudUIN IFuN Ul Ty SoftMax Ty
FANUANHUZDINA DTN ..eoooeoosoooeoseossoeoeeeeoseoesssseseesssseeesesssessesseeeeeeseeseeeeeeeeee e 106
MNIBMIMguAanEuzIUUdUN 1H5 WU CNN Fixed Feature 18113513
U U 15 I U DTA U ANHVZINAVINA oo 107
M3MNUATIUIU Class Y89 Output AW Target Task Tunuvil5Sunasmsizous........108

o Aax o A Y (% Y 1 = 9
miunﬁmimuumm‘uE)mel,"]ﬂmuﬁﬁﬂ%u SOftMaXFL‘LlLL‘UUﬂiﬂll@\?ﬂ’lﬁﬁﬂug ........ 108

) v 4 E o .
ﬂ'liu’l?!'ﬁﬂWiW'lﬂmﬁﬂBmzL!UU%UN’IiTi’JﬂJﬂ‘U CNN Fine-Tuned Feature L11g

o Aan ° A Y @ ' ~ 9

UMITMITUAU NI TF IUBUDUTUAIMITITOUT oo 109
gl.l % ady d' o

A7 4 VUADUNANVOIITNIT N UAUD oo 110
~ At Av A o

S18AZIDIAVDIIDNIT IUITUAVIN U UAID oo 113
= . as A o

5168208ANTHNADY (Train) HAZNINATDU (Test) JATMTAVUUAUD wovrerr) 114

Y )

A9911 (Flowchart) UaAIYUADUMTMINUUBIT TN WEUD cooeeeeeen 116

5100200070 1TASNTTUUDITATIVIY ALEXNEL oo 121

51002100AF01UAUNTTUVDI TATIVIY GOOZIENEL w.vveeeeeeeeeeeeeee e eeseeeeeeeens 124

v d

Confusion Matrix HEAINAaNTN 14010 I5MIMINaUod1uSUMITTUNNN

TUGANATOUVOIYATOUAT 1 +...oooooeoeseeeeeeeeeeoeeee e 129
@ cfﬁhl Y an A o 9

Confusion Matrix HFAIHAGNEN 1AINITMINUUAUDTINTUNTILUANIN

D.

TUGANATOUUBIYATOUAT 2 ..oooooeeeeeeeeeeeeeeeeeeee oo 130
Confusion Matrix 71 1aM15i5eu3uuua10 Tounn Tuaa AlexNet ........oooocooceerrceeee 134

Confusion Matrix 71 I8910M3F5oUTUUVAI TOUDIN GoOIENEL......ovvrrevoeeeesrree 137



€an
=
=h-

4-6

4-7

4-9

4-10

a3t (910)

4
Hin
. . o AN Y A A o o A oy
Confusion Matrix Haassaans i ldonismsmhguansusianalannTuea
Y o Y A A o ) =
ResNet101 3119151 a02875 PCA illodwunmwluganadouvesyatoyai 1 ........ 139
. . o Ay Y an A v ~
Confusion Matrix Ha@@aasaans i laanismanadwanilaenssuimimzauy
Y ]
yodlasenelszamununaonTagduauuies e unn
TUGANATOUVOIYATOUAT 1 ....oooooeeeeooeeeseeeeeoeeee e 142

. . ~ Y axy A a A A o (% 9 A
Confusion Matrix Vlllﬂﬁ]Tﬂﬁ@Q’J‘ﬁﬂ”li‘ﬂll‘]Ji$ﬁﬂﬁﬂTWNTﬂﬂq’ﬂﬁ1ﬁiD5§ﬂﬂlﬂyﬁﬂ I... 145

Confusion Matrix (1@AINAANT N 18910 ResNet101 HUVTARMANHULIINAIANA

9 =

FIUAU PCA UM ITUUAMN I UYANATOVYDIYATOYAN 2 ..oooooeevv 146

u

= [ v v

o A
Confusion Matrix LLﬁﬂQWﬁﬁWﬁ‘ﬁll@a{%’lﬂ ResNetl101 LHUVIAAUANHUSIINAINN

590N Autoencoder d115UMITwunnwluganagouvogatoya 2. ... 147

=

{ o a 3’, 9 9 { o
MIATMUNAANINUANNgANATIUTUATDYATN 2 AIBITMINUUAUD ..o 148



o U t:' a UV
1.1 ﬂ31Nﬁ1ﬂiy!!ﬂ$T]N1sllﬂﬂﬁﬁuuﬁ1ﬂ153ﬂﬂ
MsusMIstamsuazmsaruanlnsamsneadwatelmildawisadutiulasams
v o 3 & o g 1 A dy  a Y < a4 gy
Idszavanudidoiusuiluedisgandesinisnamunaznstamsiiuedistiie 14
3 { ' o w
Tasemaduldauumuauinngddmsz Iasamsneadann q Tnsamsiidesinaluvate 9

9 v 3 v o A A 9 = A v
AU "hnwzrﬂumuszﬂznmmmumi QUﬂi%ﬂJTﬂ!‘V]%ZI% FIUNAUNTNVDINAITUNABDINTG

9 v
v v A A o Eld'

aaiufinnvhmihngsns lnssmszdesdimadaay asiaae uazilsziiiulnsamsogiae

A quyd @ o Yo 9 A o A ) A Aa 2
LW@iﬁWlﬂﬂjm@QWﬁﬂﬂlﬂ\ijﬂﬁﬁﬂ’]ihlﬂi‘llellﬂﬂsljaLﬂfJ'Jﬂ‘]Jﬂ'J’]llﬂ‘]Jﬂu’]“U@ﬂQ’]u Wiﬂﬂﬂgﬁ’]‘ﬂlﬂﬂﬂlu

1 3 A A Y Y Y v 1 A A a o A a
DYNITIAUIINGA LW@%%UlmLﬂ]léUﬁﬂJuﬂﬂﬂﬂumﬂﬂ APAT ITEAUNN, 2554) NTATIVAAAN
A Y 1 Y . A . KX o 1 g g Ao o
ANUAVNUINIUND AT (Construction Progress Monitoring) ﬁ)wmuﬂumumaummﬂtyumiu
a 1 { ] <3
ﬂﬁﬂ‘iﬂﬁxﬂuﬂﬂﬁ%}N (Construction Management) !W‘i1$ﬂ1‘iﬁﬁ'1h1‘iﬂﬂi1ﬂ1@9}}ﬂﬂ1ﬂi’lﬂL‘i’)lmg
H Y H
wunauﬁmmﬁmuz (Status) $119 9 "lJ’ENIﬂ‘i\‘iﬂTi‘L!‘L! uaﬂmﬂ%mmmﬂszmuﬂﬂumuw
Y <3 o 1 < Y 9 ' o Y Y (% Y o A o
lm’)!’ﬁ‘imla38\‘113“’(,7‘5%“],@]@‘(’]1\1@,ﬂ@]@\ilmuﬂﬂlal ‘(’J\‘iﬁnﬂ‘iﬂ%@’ﬁ‘iiﬂ151°]51/l§WEﬂﬂ‘i!ﬂEl’Jﬂ‘U

o w

4 A A o . 1 Y =
119943991 (Workforce) Q‘]Jﬂim (Equipment) 1139309 (Material) 114 9 lapdramunzandn

Y . X A o y 3 ° { v
@18 (Teizer, 2015) Halumsusmssanisiie 19 lasamadlu ldawnuanainnamuls

Y o 2 o w o 1 U [ 1 @ @ ] H
uusiiludedlianudidglunistamsuaazainvresnuges 15U Mssan1iaanie q Adod
1% msaruguanuglumsinu tazmsasdaauluGowwesnnulasasouaznann
a = Y ' 9 =2 A I @
M3A39AAAINANVALHINNUNeaT Wdsd o] Ui lavesszuuaruguInsanis
. A o o A A 49! 1 o Aa A Y
(Project Control System) tWodamsnudyminmavuluseriemaaniiulasins o ld
o A v = vy ¥ v D
Tasemsausoaniuns Il ldauununaed Miduqunin naiwazdunu Tag
4
NTLUIUMTHUTIUVBITLUUAIVAN IATINT 1ALA AITAINUALKUITUFIU N15IANIIN
A Y ' Yy Ao ny o A < A ' a3
Auvithvesniunead i ldavuzdutiulassmsuuuidunienms wie laduniens ms
Usziliumanuiin ldieusuusuaugiu iegnimadeuuunnuruaugiuvse lu uaz

%) A A a " Al Ay @ %) A ] o A )
ﬂ'li!lﬂUléllﬁluﬂiﬂlﬂﬂ15ﬂ3$!3J1!W'U’J’]3Jﬁ\iﬂ@]@\‘]ﬂi'ﬂﬂﬁ\‘]!lﬂqm lW@Gl,ﬁﬂ'liﬂ']luuiﬂi\iﬂ'lﬁﬂaﬂll']

q

a a o Aa

] { o & g @ @
agimmmmgm‘ﬁan"ﬁ}(amﬂﬁ AITANUNY, 2554) AadUANNIIAG AaE T UIa1luN5IA

u

a v & A Ao o g X g
ﬂimllullagllﬂul"lllﬂHﬁ\‘lﬂﬂWﬂﬂJNWﬂiuﬂ1ﬁﬂ’J‘UﬂllIﬂi\‘lﬂTi nathins1z Iasanisdlu

g q



Ao a ' ' A = 1Y oA [~ ' Y a =
NIZUIUMINAUTUMTOINADINDY FIANUAFUNUAN DY 91900 IHINANAITIIEAINL
= I Y
anunuen 14

o dy 1 a A 9 = v
Poguutiauludiuvesmsasrsfamuauaunivedlasinis 398039015199
a Jd < 4 { <3 @ a ]
Yszfiu)esiFudvesnuiudnade daldmsyseiiudeiio (Manual Assessment) 94133192
3 g 1A Y v A 9 Yo o 3 o a
Wulassmsvuialngnwuaeinu dufedoslsmasntuvanlunisasisaamuuay
Usziiuanuaunihveslngans ¥alemazinannuaaianasuiigaaze1s lusiuasnan
Y
(Teizer, 2015) HBNINHIINIIUITBYDI Mccullouch (1997) WU 1INIBNTATIVAAA LAY
o ¥ A ¥ 9o v 9 = g
MuguAULDUhMsiiotu gaams Iasinisdesldnar Tamas 30-50% veaamaviua 11
@ Y= a d Y = [ A Y . < d =} =\
numstuinuazimsizidoyameInuaoIuinedi N (Site Data) Fuilumsidioadiounan 1y
A A o W (R 1 v KX A [} 9 1 Aaw
nnnuaundIayn I ueg1aNn JauaalaNuNeI81L08 19N I19UININNGUUITE Y
[} = =4 1 a d’ d' 9 % 1 9 asn L‘ﬂ [ [V2)
A0UMIANYITINDINGUFINANALITEIND TATINITNAI 1T UMINIAITUDUN IR TUIA
(Semi-Automatic) 130uUVEA TUNA (Automatic) TunsATINAAMINIATYTEITUANNALNTN
voalnsamIneas
1nm3sima TuTadinean 1559059318 (Data Acquisition Technologies) 39U
A A @ a J a Jd I A -y o
maluladineanuasuiameiuazoumesiaiiniswaul lduinludegiu luremsau
' Yy K Yo 4 ) a o 1 LY 1 H a
Aaas19da lasuse Towinnmsviuna TuTadasnanu el uuaastunauueansuIng
@ 1 9 @ 1 A A o 9 A o Y
1an13 Insamsneaing areg19veuna luTagnernunissividudeyaniiulégninnis
o J .. .
137011911989 Chen tlazAE (2015) A0 L¥ULEDS (Sensor) 1110 d (GPS, Global Positioning
14
System) oo (GIS, Geographic Information System) 18813 (AR, Augmented Reality) na0q
1 4 = ! . . 4 a
ﬂ”lflg‘ﬂ (Camera) 915101 lod (RFID, Radio Frequency Identification) L0 QHDITLAUUN
o J { v . .
(Laser Scanning) mﬂmifﬁi’J“’t]il!ﬂl!ﬂi%@ﬂ%ﬁﬂilﬂll BBB (Application of Bridging BIM and
1 4 2 )
Building, BIM : Building Information Modeling) W21 tatwes aunuile Imsanlgluau
S { s ' o w : s
Uszgnaa1e q unfiga se9awwie o1iten 1od uaz ndeeniegl) mwdwy Feersionlod

'
[ A o <

. o o { g ' o .
mimzivz g daghonman (Steel) Wsotagiludivlsznouduiogil (Prefabricated

q

Component) TuvaiziindesniszisaiuilumaTuladilddunuduas I lumsdum

9 1

) ' A A o I a 2 o oA
UDYNITUINLUBDINYUNULALBDITUNUUI UDNIINU ﬂaﬂ\iﬂ’]ﬂgﬂﬂ\uﬂulﬂf’]TUTaEnﬂfnll’]fl'ﬂ

v Y
v o

il1418Taena 1 ferveglugiuunves ndesrvestla aurinTvu wiendesiaadany

o 1 v { o <3
g1 U 15U (Unmanned Aerial Vehicles) 1¥ulasu Gatoyandanuulaanndss

Y

mege1veglugduesnin (image) nionmadonlna (Video)



a4 Y ¥ a ¥ ' aa o o
ﬁ"ULu’ENiﬂﬂﬂ’NlJﬂ1’31’iu1ﬂNLﬂﬂIuIaEl"’ll’f]\‘lﬂﬁ@\‘]ﬂ18§ﬂuﬂﬂﬂﬂ‘ﬂﬁﬂi$ﬂﬂﬂﬂﬂ
a J o Y a 9 ] 9 A
ﬂ’J”Illﬁ”lll”liﬂiLlﬂﬁﬂi%ll’mNa“’IJ’ENf"IE’JiJW’JLG]’E)i 1/]1114Lﬂﬂﬂ3”|3JG]’f]x‘]ﬂﬁ’EJEJNﬂ’JNEU’J”I\WH]g
] A a a A o Y ag A o 1<
‘W@J‘Lﬂﬂi%ﬂ’J‘Llﬂ”Iﬁ‘i/]llﬂ53ﬁ‘Vl‘ﬁﬂTW(h!ﬂ”lﬁﬁﬂﬂ‘lli’]isllﬂﬂi’]ﬂﬂﬁ]”lﬂﬂﬁ/‘ll!,a%’lﬂi’mﬂi]ﬂl,ﬂﬁlﬂ

o A a 1 { o a <
ﬂ%ﬂUUﬁLV]ﬂUﬂ@]N il Lﬁmﬂumsﬂizmawamw (Image Processing) HaZINAUANITUDIUH U

]
v A A

A .. =2 a a 2 I 1
VYDIATO3 (Computer Vision) dtlunaninud EJ‘VIL@]‘]JI@]EUHL‘]JH@EJ"NN"IﬂiuQGIﬁWWﬂﬁﬁJ
L?‘IEJTJTT‘]J aodaenssu IAINTTU ﬂ”liﬂli’)ﬁ%j"lﬁ 1Ay NISIANITAIDIUIYANINAZAIN
(Architecture, Engineering, Construction, and Facilities Management : AEC/FM) (Rashidi et al.,
' 9 1
2016) TﬂEJLTI'W"I$’E)EJNENGlfuﬂ”li‘]_lSWTS%ﬂﬂ"IiQ"Iuﬂ@ﬁ%}Nuu L‘VIﬂuﬂLﬁEJ'Jﬂ‘]JﬂTi‘]Jﬁgll'JaWﬁfn‘w
a <3 A ) G Y 1
Llﬁ$L‘Vlﬂ‘lmﬂTSN@QLWUﬂJ@QLﬂﬁ@QﬁWNTi‘OuTqﬂﬂigﬂﬂﬁi%iuWﬂiﬂ ¢ AIUVDINUY

TugruranuneInuMIasaamuaNNAuived Insamsneaiauuuss Tuiia
A 2 o cuag’/ o a3 9 =\ ] a 1 A A 9 [ o w [
vsouuuneoa luianuduiludes lUiimsialsaduaivvesnuineidosnumsiiganis

k4 9
[ % v [ o

q dwmsuanuneaie U1y dniuduasuunysa TuA§ 1M UNMTTIUAANVLANAIITEHIN

Y A o o Yy A

' o = o & 2 Ao & ¥ A A o
l,maz’mﬂimLﬂuﬂluﬁﬂminﬁuﬂﬁmmwm‘ﬂmtﬂu@lam FINTIIIVIINUVDYANINYINY

g

Y

v

= o Ao o 1 D] ¥ o & v 3 v A A
i']flﬁ$lﬂﬂ@ﬂlﬂﬂﬁﬁﬂﬂ'lﬂiﬂﬁ\iﬂTiﬂﬂTﬁ\Tﬂ@ﬁﬁ'Nuuﬂ’]lﬂu@]@ﬁlﬂumﬂyﬁﬂﬂ’m’lﬂﬂ’lwuxﬂ’ﬁﬂ
A v g’/ = £ 4 a [] Y
mwma’au"lwammu L‘W‘i1$!°ﬂﬂ1u1afJﬂ']ﬁﬁ'JTJi'JiJEll@u"aLlﬂﬂlﬁlcﬁﬂiﬁllﬂuu\i‘lllff”iJWﬁﬂﬁlfVi

s1wazdoaluEesnnuuana1nueaaaz 779 14 (Dimitrov and Golparvar-Fard, 2014) a2u

@ [

a o uldgic.'dyo 4 A yuly v
L‘V]ﬂjuiﬁﬁl’E)TiL@V\l DAUUNYINUDITINANIN HUﬂfJﬁﬁJﬁﬂﬁl% mﬂW13ﬂU’J’dﬁ]‘UNﬂi$m‘ﬂ

o ]

v 2 2 o 4 9 = a & <3 @ 1 2 Y =
U 593U UADINNTAAAIAILHUIVDILAN (Tag) VUIAAUAASTULACADINNITYLLA
@ S o 1 ~ A ' ) o J A
TINHUUNNAINATI V]Galj’f]ﬂflﬂ'l'iaﬁT;IuLW?JLm%EJ\?Eﬂﬂﬁ'IWﬁUﬂﬂ'IWLL'J@ﬁﬂﬂ"ljﬂ\ﬁWHﬂﬂﬁ%’NﬂﬁﬂWi

nasumlaslylunn 9 4 (Kopsida et al., 2015)

v
AR A o

luadtefivatianuaulalumsihdeyaninnindaiia (Digital Image) w1 ldd 1wy

'
2 o

3 ' & A A D] ' 9 o a A
LﬂuﬁiuﬁuﬁﬂlﬂﬁﬂTuﬂ?i@]i?ﬂ@]ﬂﬂ"lllﬂ'ﬂllﬂ‘]J‘ViuTsUi’NTﬂiﬂﬂTiﬂﬂﬁiTQLlUU@ﬁIﬂN@ HUND
3 o a 1% wva o [ o v ' .
LﬂUﬂ1§‘Lluffu@’ll%ﬂTiLL‘]ﬂJ’OG]I‘LHJG]fTﬁ’T'i‘]Jﬂ1§i‘lﬂluﬂ’3ﬁﬁ]1u\ﬂuﬂ®ﬁ%}1\1 (Construction

Materials) 911NAWAYNA F9nmsdrsanunauIseiinevesnumsiwunniniagluam

J

1 9 =\ d‘ ] 1 Y o 9 9] d‘ = % )
ﬂaﬁﬁﬂuaﬂwmum"lu'lﬂumsmmua"lmmuﬂmamfmﬂumimuuﬂmw“lmmﬂsxqﬂ@]

=1

A 1 Y] ) [ ' 9 o v A = o a
ou uatfagiunistuunmniag luanuneaiumauilunaulsvasinmsinauouuina
4%} d‘d dd’ [ Y} A Lg [ =K A d'
Ha1nHa1euINTUINMINNNA Tu Tag NN UaNaNINEIYUNITOSY FINDINANUNEIINNL
as [ wa A é v A 1 1 9 z:;d' v a
MM LUV TUian30neoa Iuldausielugaa1mnssunsne a3 WNMeINUNTUIHII
vam3 Taommizmaluladnnedvesdumswauissuy  BIM  (Building  Information

[

. { o ' ) ' Yy Ay o
Modehng) ﬁﬂ1ﬁﬁflﬂ’ﬂll‘w‘c’J'lfﬂlIE]fJ'Nﬂ’JNGU’JNGluQGmTHﬂiihﬂ‘uﬂﬂﬁ'iNﬁ@@ﬁﬂﬁwwunla%



v o Yy o v A a o 1 9 =
wanau1¥un1511szuy BIM nldmennuazainlumsusnistanmsaunoaing d9aulu

v

U a J @ wa & I 1 %
ﬁ’JLl"IJi’Nﬂﬁ@]i?ﬁ]@]ﬂ@ﬂllﬂ’ﬂilﬁ‘]JTifl)N11!ﬂﬂﬁ%)”lﬂLL‘]J‘]J?JG]TL!?J@]‘L!‘M%ﬂlﬂuﬂiz‘ﬂ’auﬂﬁﬂﬂﬂﬁﬁﬂ

Ao o Y = Y Y A Y 9 1% 1 I
‘VIil”IL‘]Ju@]ﬂdiJm’iW@mﬂuizU‘U"um BIM @1¥ L‘W’E]ﬂTﬁW@Ju11Wﬂ5$U')uﬂ']ﬁﬂ\iﬂannlﬂuul]l]

@ way ¥ Y o T A Ay A ] v A A @ ° o
aﬂuu@]“lﬂuu inll]uﬂfl”lﬂflx‘]ﬂ@'l@\?llﬂ?uﬂlﬂﬁﬂ?u&ﬂﬂﬁaﬂT]LﬂEJ?ﬂ]Jﬂ1§il"llluﬂ3ﬁﬂ1u\ﬂu

' Y oA y a 1 { ] 1 o 1 a ]
nodad1uuuen lwid oz Iddszitivaudiniuduasaazdauinda hia5 e 1ded19gndos

wiugwazaana i ldunnaa

Q

v
A

asy ] o a o d‘ 1 o v o v
TJ‘ﬁﬂﬁIﬂﬂﬁ’JuiﬂﬂJﬂﬂJﬂ"lﬁl!”l!ﬁl!’f)vl'ahluﬁTu’Jﬁ]EJVIN"Il!lI"IﬁTViﬁ‘]Jﬂ"lﬁﬂ!Ll!ﬂﬂTW'Jﬁﬁ]Glu

o

[
= 1

qmﬂ'aﬁ%’nﬁmﬂu‘i%mimguuﬁyugmmmmimﬂmﬁ’ﬂymz (Feature Based Methods) fiilu
msthmadianemsdszutananin maiansuefiuveunses wiemadindu q uae
AMNSUMIANANUANUL (Features) AIAYVINDHIIOONNININNN Lgﬁ’aﬁmmﬁﬂymzmmﬁ’u
nlFdmsumssuunanuuanaeveidauaazsiia lage1n lanaiamsulseuieuny

[l Y
LmﬂGIN“Vi?i’éJL‘ﬂﬂuﬂﬂﬁlj‘c’lugsllaﬁl,ﬂ%ﬂ\i (Machine Learning) #1119 1uduasunssuun g

Y
S 9 =2

v Y H
Fmsiaeinaue 13 Tunudseaiulug ununimualddoyanimangrudoyanadniuies

K1)

a o 1

9
9 [ Aav o = 19 [ J 1 a o
AHIUNUIYUU 9 Llﬁ3DliJiJﬂWiLWEJ!,L‘W5“1]63Jaﬂ1Wﬂ\1ﬂaTJ ﬁ\‘lllﬁ’ﬂiﬂﬂ%‘l\ﬂuﬂﬂﬂ [PUITUINY

U

9 H 1 { 7 7
Y939 DeGol Lazay (2016) i]$flf‘lﬁﬁ'§N§1u6ﬁI@1quﬁﬁﬂ’E]uﬂgl}Nﬁa1ﬂﬁa1ﬁllﬁﬂ’mﬂﬂ11ﬂl’3ﬁ@1u

1 = o o 1 1 1 v A o a o
auneaduaziimsihgiudeyadenanuumeuns uanaansn laninmsswunluauive
@ 1 S o A ' 1 dy a ' 9 = 9 A Ao o & A
AINa1NgIne luge uenvntimaialvi 9 medumsiseujvounsosnmauiunauly
' Y 1 a = Y a =K . . S o n g o A
9619019V 19U INANANTEEUTIFIAN (Deep Learning Technique) N4 I latiinauorie
= 1 o o Y A o [ 1 9 [ g‘; Ao dyd
Any1odnAsoUAgNdIMTUMIszgnalmmedunmwiagluanuneade AUIUITEU
£ ° = A o A ~ Y a K A Y]
doamsuuduenIsAnE e UNANANISFoUTIFIan MMNIzauAToyagainun
L ) @ o @ ' @ wa O 1
Uszgndlddmsumsswunniniaglununeaiiwuuda lua tufens Tnsenelszam
o A & d oA g
HUVUADU 1IgHU (Convolution Neural Network, CNN) BaTluaniiaenssuvedlnsaiieiily
Y ) ' ¥ a oy A Ao o g A 0 7q Y
anudmihIndnaumsizoudveunios Aauiunaulslunmsildszgnaldluau
[ 1 9 ~ A 9 v 9 1 o Awv A A 9
A19 9 DENNINYIN TABMMIZNUNNGITOINUTBYANIN UADINNTEITIVNNUITENNEITDI
1 ] v W 2 ) Jq 9 9 o o
wu Tnsededszamununeu Tagruda lulimsinlszgnald lagasedmsumssuun

9 @ ]

{ v W 1 9 o & a 2. U a a
"llﬂiallﬁﬂTWLﬁﬂﬂﬂﬂ’)ﬁﬂiuﬂl‘!ﬂﬂﬁiﬂ ﬂ\‘luLNTLJ'J%ﬂﬁ%\ilql\‘lﬁﬂ]&lﬂu@’f’JuﬂlfJﬁ’J%ﬂﬁllﬁ%uuﬁﬂﬂ
1 9 Y o 1 A 9y o ax A A Aa a A o %
AN 9 Gluﬂ1iﬂi$ﬁ!ﬂ§lﬁl‘]5ﬂ\1ﬂa1’3 BADINTHUAUDITMITHIoUUIAANNYTEaNTA N 115D
o a ~ Y a K 9 ] o 79 9 o @
ﬂ1iu1lﬂﬂuﬂﬂ1il‘iﬂu§l“b'\?'dﬂﬂ’JElIﬂ‘i\‘l"ll1ﬂﬂi%ﬁ?ﬂllﬂﬂﬂ@uiﬁg%l‘lNWﬂ‘iZquﬂ@]i“lfﬁ'l‘l’ii‘ﬂﬂ1i

fuunamiaglununeadauuuon lwia



d
12 Jegiszasnmsiae
A o o a ~ Yy a KX A ] o
1. eduauemNunalANsTougIFIanae Inssviglszamununsngyuin
I ) [ o @ ' o wa
UszgndlFdmsumsswnnnmiag luauneaauuoaTuga
2. e uauemsihanlagnssuved Insenielszamuuuneu TgFunuuinu
=2 ' A . Iq ¥ o o
MINNTOUNINDU AD 11IAD ResNetl101 (ResNet101 Pre-Trained Model) 3J”|1J’i$§ﬂ¢]1%ﬁ”lﬂiﬂ
mstwunnmiagluauneasuuuse Tuia luanyuzvesmsiiouiuuvunie Tou (Transfer
Learning) Llﬂﬂﬁﬂﬂmﬁﬂym$%1ﬂﬁlﬁ A (Fixed Feature Extractor)
4' o v d' 9 = 9 1 = Iy
3. iohguanbue (Features) N ldanmsiouiuuumeTounnudaguanymzain
dranaaio Tuaa ResNet101 inldsamnunumatiamsdisdadoyadis Inassineiswauy
[ Y
A TuA (Autoencoder Network) HAZINALANTTIUNGTDYARIBIATOIUINAD T INOHYUIUD
¥a1engqy (Multi-Class SVM) dmsumamiuilseaninmlumssuunnimiaaluauneads
@ o £ A
1UUoa TulinINgAteya NANY
A = = ax A o 9 9 v ax A
4. efnyfSeumeudsnmsniuaueluve 2 uazve 3 AUITMI Tuguuvdy 9
o o 79 ¥ A ~ Yya =2 g ' o A
dmiumstszgndlamaiianisiFeugidaanalelassvielseammunuaeuligduienis

fuwunmiaa luauneaduuda Tuiia

1.3 YdUUAVDINITIVY

=

lumswannauidaioiimatianmsiEouiizeanale Inseielszamuuuaoulig
o J ) (2 o [ 1 @ va '
Fuulszgnd ldd1msunisswunamdag luauneaiauuuda Tula ludiuvesnts

[ a o a v Yo 1 dy
mmmmmwumamwmi’m:ﬂ"h ma"l,ﬂu

v A=K Yy o 1 Y A ) A a
1. ﬁﬂm@gaﬂﬂﬂHW Gl“]f"llﬂHﬁﬂWW’Jﬁﬂiuﬂ1uﬂ@ﬁiWﬁﬂﬂi$ﬂ@ﬂ@ﬁﬂm@yﬁﬁ%’uﬂ (4
) P~

Classes) ¥o93d9 Tuaiuneai e Tasawsiavesntniag luaunead nuinindoyaning

' a o = : a @ I o a
iWoLws 1U91U398909 DeGol tazaAme (2016) uazdnnilsytavesiaqiludoyaniniaady

Q U

Y
= 9 =2 L) [ o

v 9
NﬂﬁlﬂWﬂ@uﬂ%ﬁl%ﬁ@jﬁW (Lightweight Brick Cellular Concrete) NI NVUOITIHSVIUITB

A

Fa ldumsaienimasavesiagaguianeunsaaagariiunauiteved we. as.
A o Jda aa a a a v = =
T3dand AuAT @1v13WIINTINTER1 M Ineaema I Taggauts
= = A a an A o v A A

2. msanlssunsuilszansamvedsmsninauenuIsms luglunudu o oz
o = v ¥ o Iy Y o o v = ' ao
mmsnSesuieuiuaienadnsi laninmsswuniummegatoyanmouns luaniteves
DeGol tagamez Nlsgnoudiedoyaduriia (3 Classes) voiaqgluaiuneadie Tasiinis

nfieuienluawglunune



[ [ P [
) wsuisususaansnldanmsldanniaenisuvesInsenelsyanuuy
™ A = ' Y} A xR oA
Ao TgFuuuRrIuNsHnaeuIneualIs Tunady Haae Iuma AlexNet
g o 1
uaz Tuaa GoogleNet NilumisszgnaliluuuumsiouiuuuaisTou
~ o v SAY Y 9 A D) Y ax A X
2) ulfsuiisunumaansi ldanmslmaiansdisiadeyadiesnison ¥
Ao Principal Component Analysis (PCA)
[} [} 4 { A, [
3) nfSeumeuturaanin laanismsadnaaniaenisuvesInseielszam
A S = ¥ o 8 2 .
HUUAB N 1IgFUAIMSUNITHN Ao UAIEYATDYaNANYIVUNDY  (Learning
from Scratch)
=< = A a A A o o A A
3. asanyufSeumeulssansamuesdsnmisninauenuismslugluuvou q

nfSeumeudlennnsianilsznouaie A1 Accuracy, Precision, Recall 1182 F-Measure

¢y v
14 Uslernilasy
Y (Y A o [ o o 1 Y A A a
1. I@smsunuea Tudadmsumsiuunnmiag lununeaseniidszansam
= { a a J 1 2
2. 1@3smsifidszansnmlumsiszgndldlaseinelssamununeu Togdu
dsumstuunnwiaa luaunead e Tuaia
Y 9 v W wn A o o F4 o £ [ A
3. 1@ Tuwmamansiase Tudanmuz audmivaindumudoyannguanyuzi
Y Jq T o W 1% [ ]
TannmsilszgnaldTassinedseamuounou Tagsununwidg luauneads

v o ¥ v A s X oA
4. llﬂillLﬂaﬂ'lii]']U,Uﬂ"U@ll'ﬁﬂﬂﬂlﬂiﬂﬁtﬁﬂlﬂailﬂ@‘ﬂuuLLUUWa’]ﬂﬂqn%LWﬂJ’lgﬁN

dmSumstwunnmiagluunead i usa Tuba
Y =3 A ) @ Ay ¥ Jq 9
5. lansrwdwuameivarnnarelunmsihquanvugnldannsdszgnd 14
Taseelszamunuaey Tgduunldsunumaiingu o medumsisouidoniouie 1
Yo o o o 9 A a A
lasmsdmsumsduundoyamwindalse@niam
% &~ 9 o [ U Y [ wa A A a A
6. waawsnlaninmstwunnmwiaglununeadwuusa Tudaniidszdnsam
o o a Aa oA 1 [ [ HI
awnsni lihlszgndlsludalfialugiuauaie g vesgadmnssumsneds9iinerdoa
numsiigadmivauneadieldld wuludiuvesniumisasisdaniuanuauniives

Tasamsnoadauuen Tula



a
UNN 2
1r o d av A a Vv
INAUITIUNIFNUASITHIUNINYIVON

4” d” I 1 = = o = Av A A Y
e Iuuniiunisnande nsany1 lundnnis nguq uazuITenngIves

9 o 0 2q ¥ A @ aou X 9y &L = [ L 1
dmsvihnlszgnalaiesinunanulae dalszneualreiionunedny Nugiulasavie

= ] 4 ?,’, ~ Y a K ~ Y a K
szamioy  Tasauniemesmlasouuuuvalesry nsisouiiFaan n13i3eudIraanved
v o o v Y
Taseredszamuuuneuligdu msdszgnd 19 lassinedszamuunaouTagiulunig
a oA S ] % ]

UH1Ia ulszgnanld InseielszamununeuTrgHu Frameworks voelnsaelszamn
% [] d' 9J @ [ A a 4 [ d' 4
puuaeu gy Inseiemseutnsiaon lula n13nszesdllszneundan 13e9INN03

[

dy a A A 9 o w
NIUPUUASAIUIVYNINYIUBY ATUAIAD

& Y a
2.1 wugwlassnelszanniean

Tas9v181)5z @ mMiAien (Artificial Neural Network, ANN) iHusaasnaienisaiuim
Tago1rio 1n39110 (Network) NH31uun Inssadanazmsinauvesnsiszurana@eouny

o S A @ { @ 1 a
szuumsnanuluauesoanyd NUNMsUSVlasudeInenITnoUAUIVBIBUNA (Input)

= 9 . @ ~ [l Y YA Ay P [l y <
AIUNHNITLTEUY (Learning Rule) ‘Wa\‘lfﬂ']ﬂ‘VlTﬂiﬂm?ﬂqﬂliﬂugﬁﬂﬂﬂﬂﬂﬂ13l!a31ﬂ5\1611']ﬂ1,!1‘!ﬂ§]$

o { o a Jd
asomaumunmuua 131d (emiad dsuna, 2558)

J Y 1 A A 1 a A
auesvowypdlsznoulidreniineilszuranaiizondn “ia5eu” (Neuron) H30
4 o a I 1 11 A& =\ d' 1 % 1
raalszam uoutinseuluaneanywdtegssina 107 HIsouLaziMsIFPUABNUBEIN
I 1 v g a S A v .
WINWY dueINYEEvIEITana 1 lainiuneuiunesnin1sUsuaaeq (Adaptive) Tu
v 1 a o <3| @
ansuzuuy liflwFadu (Nonlinear) nazihauilunuuyuiu (Parallel) Tunisquasanis
o 1 o a = a 4 = Y
MINIUIINAUYDITITOUTUANOI (Hagan et al., 1996) FanouNuAs IuTagiiud il
o v 1 [ L
aNnuausa lumssagann 83 liaunsaiounuaua o vesaueauy e I
] ] [ ° 9 = <3| £Y
118 9 V199819 15U M3vad luri msWauazmsaanurug mawlani Wudu aueg

I a A o v 7 A 1
T@QNHyﬂmﬂﬁgﬁﬂﬁﬂTWLlaZNUﬂquﬁlﬂ nﬂﬂuulcﬁaaﬂigﬁ']ﬂsluﬁﬂﬂﬂ@]”If]jﬂf]v]]’lmﬁ\iwaﬂﬁgﬂu

a A o ] [ (% o
@@ﬂi%ﬁ‘ﬂ‘ﬁﬂWW‘Ui’NﬁNﬂQTﬂﬂi’JM izﬂ‘ﬂﬁuﬂx‘lﬂlﬂﬂul‘}yEJgﬂﬁquiﬂﬂﬂ'nJ”liﬂ‘]J'i‘]J@]’JHSJ}Wﬂ‘]J
2 v

1 ~ Y a & A 9 1 o
ﬁ\unﬂa@ﬂﬁlﬂﬂjﬂﬂﬂ'ﬁﬁﬂug GI'Nﬂ’lﬂ‘ﬂ’E')llWj!@@iﬂﬂ$ﬁ@ﬁiﬂillﬂiﬂ1ﬁﬂ ﬁiJ’ENiJlngJﬁ’liJTﬁﬂ

=

samsnudeyaniinny himiveu Idyarusuniuvas luaduauelaa awisnlszuawna

U



Y ] o Y = <
Foyaviaumiama uglaw ludnyuzmsiszuranasuuvunulda auesdivinadnias
Y y & Y Y= o < Y =
Témdsanuiies uenainil Tnssadwvesanesuywd ladimumsuuilunaivateduiluay
o a 4 a @ v f
lasumsiigninnsssumnansuaunszNanIui
[ 1 o A 1 9 9 A @ R A Y A
VINAVUANHULIAY ] AINNA1ITIAUNGINVAVDIVOINYHIVTUNAANUABINITNIE
9 A A o o 1 J 9 [
a319msssuranaiio@euu Uz UUMIMTNUAING Maainieaiulassielszain
2R g = A " 1 = . .
enduuraminnmsaninmsienaenuved Iasiie lWihdanm (Bioelectric Network)
% J a v
luanesgalsznoumeradilszamnielinsounazyalsza1ulszain (Synapses) AILEAS
1 x 1 s [ 1 1
lusdii 2.1 Fwwdazwadlszamilszneudlotatelunssunszuadszamizoni
14 . 2 3 a Y 1 4 A ' Aa 1
“an 13 (Dendrite) FuiludunagraduaziarulaelumsaanszualszamnGSoni
L g A ¢ o s 1 2 ) Ana
“UBAYOU” (Axon) FUTUIMUBUILIANA (Output) YBILEAA raaHaIUTINUAIBIRNTe
4 2 J (% 2
IWduadl dieliminszquareduiimousnrsonszqualoadaieny nszudlszainigi
1 Y 1a a R Y ¥ oA 1Y Y s A A 'Y
Auau lasidgiundeaseziluddaduidoinszduzadon o aorse lu dinszud

a = <] oA 1 I
ﬂigﬁ'lﬂlli\iwauglﬂaﬂﬁﬂﬂgﬂigéJULG]faaﬁu Q| G’]@ulﬂw']um’]\ul’ﬂﬂc]f@u

netiron cell body

synapse
: i, | . v:,;f"d’nudeus

axon of
previous axon l(.\. .

neuron o, b

[ neuron cell body :
f L}
> / .
e ixon  dendrites of
4 \ O tips  Mext neuron

electrical
sfenal

synapse

dendrites

511 2-1 dilsynevveswasszamluawesysdnilumsyeuaeiuvesinsanie luih

FININ (Bioelectric Network) Tuaueq (Anatomylibrary, 2015)

= A [ [ [] = 9
%1ﬂﬂ13ﬁﬂ‘HWﬂWil“]f'ﬂllﬁﬂﬂu"ll@QIﬂi\iﬂl’lEJVlWWWGB'JﬂWWGlUﬁMGQ qﬁlﬂllﬂﬂjﬂi\iﬁi%‘llmg
o o oA o '
ﬂ”lﬁ/]"l\?"lu“]]@ﬂﬂ”lﬁﬂigﬁJ'JaW'mafJuu’U’Uig‘U‘UﬂTﬁ‘VI"N11!11!@'3J@\16|J?]\13J1;‘!Bﬂﬁﬂﬁlaﬂﬂﬁjﬁﬂiﬂiﬂ"lﬂﬂ

' ' o 2 o { (3 Il o ]
Uszamifionod1991899gn$1a03 (Model) Yuasgl 2-2 arTasagimsinudoyanug



' g ~ 9y o < Ay Y ~ Y YA
(Knowledge) Gluizmwuumwumﬂmiaugiﬂammimumﬂﬂ%mmmaug”lmmmm

9
wniniseamn (Synapses W30 Synaptic Weights)

Cell
Dendrites Body Axon

Input

A [ = [ 1 A a o 4
717 222 Twealassnelszamiowedaienideunuuszuumsihauluanewowyyd

1 Y~ o 9 v A 1 2’, é =1
lunaraew laimsduauesduuyTnseadvvesaainsouniteluTaseinenuuadl
[ a 9 [ 1 < I3 o o A o Y @ 1
pgNINNIEANeYila Taseainainarniuesnlseneudingnimlvauanyazaig o veg
1 1 [ [N I o @ a o a
Tassreuanaranuesn i ludzidlunmssanaSesdivesiinseu ngmisisouinilding

v ' g o Q'J . f v
msdFunlasumvesihmindszamnsewdniznuion lylumsinaouveslnsevie jUn

D.

J
2-3(a) uanaIasaaianaalnenssy (Architecture) Vo4 Tmamasinsou (Perceptron) 1
I ] a = A A ) 4 A o aa
Wulaseeuuutiseoutaed 1o R Ao 31143U09A1Y52n0 U (Element) 50911 IUNA
. . a Y A a 1 o I 4 A 9
(Dimension)  YOIDUNA UUABDUNALAAZAIILITUINNDS  (Vector) NUTENOUAIY R
P s g g { o PR
pan1sznou TasmosilaseuiiwiuTwaandivualilasduareTou (Transfer
. .. . . . a9 Y g s aa L.
Function/Activation Function/Signal Function) N 1% 11 Iaseinetlunuve1saaia (Hard Limit)
o 7 o ¢ aa o ! X o 1 g o w 1
anyuzveslInFusIsaataudaInigil 2-3(b) Feiandumelowinulddmsumsulasan
3 4 1
w03 n lihiluerdne (a) voalnseiie
A 4 Y A ) o 1 ] ~ J
uenrenAMeTIasoULAIIMIUNTUIANANHULAN 9 YOI IATIVINUANAI
o 1 =K a I 1 ] ~ Y 1 1
nueen 1 lunaireudunaiulumanuuais q veslassinelszamiion Tagduingu
vo1Tuaa Inseielszamfsuasnanansonia ldludesgiuuufensmugudnyas

Naa0117nenIINV09HI59UY (Architecture Neuron Characteristic) HaZHUIAINEANDINY

ﬁmi"umif‘iaug (Learning Algorithm) 33msutiagugaanyuznadnlaenssuvesiingsou



10

g & 2
Huausonsneontluanidaenssuuvuieoulddranii (Feedforward)  tuuIUET

e

(Recurrent)  Uaztuuiounal (Feedback) @IUNITHLIMINDANOSNUAIHSUNTEFoUT U

G

] I = 9 9k . . = 9 a o w
RF RS INGRIA S IR ﬂTi!iﬂuguUU“lﬂV]ﬂﬁﬂu (Supervised Learning) MFLTYUILVVATNNIAN

(Reinforcement Learning) Lag N3 i5 Emi'mmllajﬁ é)ﬂﬂﬁ ®U (Unsupervised Learning)

Input  Perceptron Neuron
A\ a

\ J \ 1 J a = hardlim(n)
a = hardlim (Wp +b)
(a) (b)

d‘ ] 4 a =
319 2-3 Tasavremesiailasouun 939108 (Demuth and Beale, 2004)
(2) d01nanssuU0e AU

(b) Wansume Tounuuesaananlslulaseiie

211 msiauiveslasaneglszarnian
@ 1 { < a o (] 4
dredranaaslusdn 2-4 1Hunnafanisi lnssitedsearmiouinldie
v ' ' v
Fouidmsumsdauenueiitla (Apples) az du (Oranges) Fuijoualanazdugniindiun
= 1 4 A= o YL 1 le A 9 g’/
AazAUNazNaF WY (Sensors) IKUIFDINIZIINTIAMAN 9 vouel)anTedunaiy
I~ ] 1 1 ] o w % g}/ 1 ZIJ
ponDud A1 Ao A1V shape A1V texture HAZAIVOL weight MUEIAD FINIAWATY
o Yy 9 v 3 ! Ia s A
nlseneuiiarenuilumvesnaesoune p 1UuAL
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T4 shape Uongils19vewa lifuaazwaninnunawua lvu (Reunay
] 1 I 1T 1 [ &' a 1
naudu 1 uadufowiluardsianilu -1) A1Us4 texture UONANHULYDINUAINITIVHS 0
Y A < 1 < ' . ~ 3 o v '
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A
o
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1 <3 o () § o J 3 2 o A {
wa liuaazwadmneghmsaaduluiedanenin Wunelilanieduasnuaaclugiin 2-4

F
O O O Sensors O
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Apples | | Oranges

3U7 2-4 edatlins1dlaseinelszamiion (Hagan et al., 1996)
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v 1A
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A o a R ) 12 = Y s =2 2 Aq ¥
naou lagNoanosNNE1MTUNISHEeUsIUML18T9 TuAdY (Procedure) 1114
9 o % ! . J %’ % . 1 [ . 1 a o
dmSumsdSunlasu (Modify) Animiin (Weight) uazanluda (Bias) soudenmisilnes
1 A 9 [ ] =< Qy.: @ 1 = = 9
(Parameters) @19 9 119 1 unaaz In59910 FITUAOUAING1I019MUIODI NYNITITOUS
v 9
(Learning  Rule) N 15d1m50n1550u5 (Learning) Tuduaoun1sinaou (Training) 190w
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Tasaaen'la

9 o { < a { g o

dmSugdd 2-5 iWununfavesTueandumsSeuinuuiddnasu wuneng
9 v

msBeuidminTusasuulidinaeuiudeldnuyadoyadioe19 (Set of Examples) og1u

(Z

3103 {py, t,}, (P2, £}, -, {Po to) ie pq tHunnmesvesdunauaazdMindrgInsee
v

o |

A 1 4 ~ Y a ~
nas tg ﬂ@ﬂ1ﬂlﬂ\1lﬂW@l1"!@]Lﬂ1ﬁN18 (Target Output) NABDINTTUDIDUWAAIUU UUA Tuaa®
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< a ) ~ 9k S A Ay sa 1 v q Yo

WumsiFeuiuuuiddnaeuiu uenmilosnidestounnaesouna (pg) wiazdnlnny
' ) 1 o Ao o do o a v ¥ v A v

Taseeuda deatlounrveuoridnanuig (ty) NAUHUTAUAVDUNAAIU LAY LTl 11
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Tassireasnimvesodwahninesiu U lddmiunsnseuieuiumveuordnan

Tag9U8¥1000NEIANUAANAA (Error) M1N1auaA 1111 HiD11A1ANUAANAIAAINE1)

Y g/} [ d‘ 1 %} @ 1 [ = 1 a Fanl
T T uauaounisdsudsu anhmin arluda saudeamsiimesais q awngnis

Foujnimualiluudaz Tnssiieaeld

Neural Network
———p| including connections
(called weights)
Input between neurons Output

Compare

Adjust
weights

A 9k

3U7 2-5 nuAavesmsEsuinuUTAAndow (Demuth and Beale, 2004)
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q

9 1 9 g}/ 1 1 4 a s A A
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nnaalesnssuveuneitraseunuandluzili 2-6 azruiuerdne (a)
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a = hardlim(Wp +b) = hardlim(n) (2-1)



13

A A 4 a A 4 [ A a 4 1

D p ABLINIABDIVIIDUNA b ﬂ@&')ﬂlﬁ@ﬁﬂl@\il‘lﬂﬁﬁ W A9INTNYUDIAN
¥ Y A s g v 7 o a 4 v 3 o o 4
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TassnemeswilasouiuldlsnsuoeTowiulansuaiaaia fivualag
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0 otherwise 2-2)

a = hardlim(n) = {

Input Perceptron Layer

Input Perceptron Layer

r N7 A\

p
Rx1

W
SXR

I b
R Sx1
\__/ \

a = hardlim(Wp + b)

—/ \ J

a = hardlim(Wp + b)
() (b)

H ] 4 a
319 2-6 Tasanramesiilaseuuuuraletinsey (Demuth and Beale, 2004)
(a) antlmenssuvealnsavie

(b) M3tveuTuaaluziuuvege
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nM38U3IveINaSIUnTOU (Perceptron Learning Rule)
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(Hagan et al., 1996)
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] 14 g’/ A A o 4 @ a ~ 9
TasenemesslasounuuralesuniinisiausnumaianisGous
W300an03 NULUVUNTAAD (Backpropagation Algorithm) ¥41i 1@ 1o Ins Rumelhart (1986a,
g o o 1 1 I o
1986b) Huinshulszgnaldedianitevaalunatsai linezdunsisigluny

(Pattern Recognition) D19 LU (Classification) U faamsszuaam (Approximation) 8¢

v

C4 o (% a ' { o a g
NITNWIINTY (Forecasting) ﬂ151/l'l\1'lu"ljf]\‘1@ﬁﬂ'ﬁ]'ﬁﬁllll'ﬂ'ﬂll,w nay ﬁﬁmuauuaiauiuﬂsu
9

o

a g 1 Z J I o v {
duna susewdunazsueranailu n, g uaz p mudiay Tvuaouawaaslumsiei 2-1
(Kumar, 2005)
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How do Data Science techniques scale with amount of data?
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A a o [l 1 9 A a t%l 9 J o Y] A
Milouan dr0819A1v03oyainavu1nM s 1Flansu ReLU naasaininilsznoui

4 1 ] I v J v J o 1 Jd v
2-39(b) WodudeRedoyaneurulenTL dauduunnenadnsn landsoinriuilendu

fanan

RelU Function

177 80.{-115| 8 | 23 17|80 | 0 8 |23
99| 55| 70| 35 |150 0 |55|70] 35 (150
25| -9 [205] 5 88 . ; 25| 0 (205 5 | 88
10| 75| 5 |-205| 3 10|75| 5 0 3
105(-12 | 60| 2 |-77 105 0 | 60| 2 | 0O
26 4 2 0 2 4 6 8
(a) (b)

517 2-39 malasmdrelasHu ReLU

(a) AVOININTU ReLU

Y
=<

o ] T { a I o
(b) M08 1AM oY aRINATLIINMST I FHINFU ReLU
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3) UUABUMIIMNWAAL (Pooling)
Y Y
Tagarulvgvelasavisuuuasu 1IgFuuy Ha9INRINTIUABUYDINT
o ?1’1 1 o o ] ?1’/ )
aouTagFunaztuaeunsulamidrefandu ReLU 1dainagauudioiuaouuean1sm
A Aa Ay o o ) ' A Y g '
waas MthwneiedesnmsimsguamindoeyalunaazupuiguanyuznTuaounou
% o 2 ¥ ° Py o !
Wi FamsiiyaasiuezimuasIgveUIvAY0INIT WAz IUIAYEINTd Insd 31U
o ] o A [ 4
2-40(a) sneogMIIIYaasluveUa 2x2 Nudoyalumuwesuuy 224x224x64 A9
s d ° ] 4 s o ° A ]
yuraveInisa lnsa 1fu 2 Mildvumaveunumesiodananainisiiyansanauiu
4 o A 1w Yy =
112x112x64 Wuasmsmnaasluvouwa 2x2 Arevuiavesmsa Insaminy 2 vy
1 ° 9 1 ~ [ 1 a A I a @
mMsguimnndoyaluuaazunungudanyuznuay 2x2 Wrseumiaoilu 1x1 1759u (1

o 1 Haveu) awaaslugili 2-40(b)

224x224x64
112x112x64 hidden neurons (output from feature map) - -
pool max-pooling units
— ITi- : 5

= 112
224 downsampling .
112

224
(a) (Lietal.,2017) (b) (Nielsen, 2017)

4 o A o J
317 2-40 msvhyaaenudeya lumumes
J o k) ° A
(a) 191AWANMIFU UV UA O UM ITINAAT

(b) Myyaaluveuwn 2x2
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A . < 4 . v 9 a = o A 3

HyyinaYy (Average-Poolmg) Uag U ULUN (Max-Poolmg) NUVBYDDUNAYALAYINU WUJU

i1 1 1 H 9
minnsavoyadunaluveuua 3x3 ieiamngangannidiainedluveuwaiung,
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1A

A A < ¢ A A g A AR A A & 3 °
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a y v g { o o 1 < g . a
@u‘W@]VNLﬁHﬂTuuuuﬂaﬂﬂu Iﬂﬂﬂ”ﬁ’iu@ﬂwmuqﬂﬂlf’)ﬂﬂﬁlﬁﬁll'ﬂiﬂ Lﬂu 3 "Tg\iuf’)ﬂﬁnﬂwaa\ulﬂﬁ

Q Y

< 4

4 v y A . A A vq &
UHDBUASHLUUIRAYLLAA mﬂ%%maaumu L2 (L2-Pooling) H3IDLUUDU 9 m“lﬂmumu
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o A 3 A 3 ) I
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8 |10 |19 21| 8 1 14 | 13

1213117 9 (18| 7 Average Pooling

5110 3 7 1 15

nlo|lnlz2|w9fs \ 20 | 23

17 | 12| 4 14 8 7 17 | 19
Max Pooling
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2 1 A a 42‘ Jd o J o A v v A
FIMNNAVUNNTINFUFD AN TUFUNTN 2-11 LAAIAIAIDYEIAD

Z = softmax[ 0.1125 0.1300 0.1125

} (0.1050 0.1125 0.1050)
0.1050 0.1125 0.1050
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9
ATDULUVUNAYYU

>
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G

91U ILSVRC 13i1) 2012 1899109 Krizhevsky tazaaiz (2012) I¥anlnonssuluae AlexNet

dmsumsuasrnluauiesundayanmaingatoya ImageNet 17939 9 1187 LeCun Hag

% v

k4 o 1 Y g’.a (=1
AU qﬂlﬂﬂu"llﬁui’)ﬁﬂ"l‘]jﬁEJﬂﬁiiJﬁlJ@\‘]IﬂSQEU”IEJ‘]Ji$ﬁ1‘1/lLLUUﬂ@HT?Q%HN"Iﬂ@HELﬁ'J Al

]
DY v o

4 % [l I g
1998 neldan1inonssude LeNet (LeCun et al., 1998) uadalalaiilunidnuininlugariu
' A A 9 ° ] Aa 2 4 o o A
TuaruiasudunnmstiaueaaaensTuag o MNAVUITeIINEITUNAT TUINNIT
] ] v
WAl LeNet muaiouaanlaenssunsuemsnvavuuazn laamuluau ILSVRC Huaaua

2012 audsdl 2015 Fe31li 2-42 uaaadTannmsvesanwani I luTassiedssamuny

28.2
- 25.8
152 layers
A
\\
3 16.4
A\
\
\ 117
22 layers 19 layers
\
v 6.7 7.3

Apu1Ig T

ﬁ I & 8 layers 8 layers shallow
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

[

d‘ a = d' 9 1 ]
E‘lJ“VI 2-42 Vianmsvesanuani s luuaazgotdaenssuves lnseedssamnuu

A1 19g9%U (He, 2017)
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1 d' o d' a o = d‘ 9 1
nnsunaniuauelugdin 2-42 uaaddTauinisvesanuanilylunaay
1 o A [ k) ~ 1
aoragnssuveslaseislszamuuunou TngFunuvsvuudisuziaz i laaaunau
[ ~ [ A 1 I " o
ILSVRC ImageNet Challenge luuaazd) Tnsmiaavnuaasuuunivesnsivitlunionsinau
Aana1an 189 1nN13SWUNN MUY Top-5 Error Rate (Faandiunmlugadoyanadoud
d o o w A [l a0 A Y o A 1
prinanMsielu s Snuusnuesszuunie Iaseiie lulidineungndes Hune luas
[ o 1
nuteranatimuie) mndeyaninluyadoya ImageNet  Taos1oazidonvouans
aoaenssuazidguenINaIAUnANEITReNTTUUDY LeNet
9 o 9y gjl Y = A a 4
d11sun1nlugadoya ImageNet HUYTENDUAIININANNALIDIATINTLIDIANA
o w 1 a3 o ' v
whvaneueniiny'ld (Labeled High-Resolution Images) 11ilunimivaegluilszinnla &g
y ) a v ' < . o !
navyvalugavoyailszua 15 a1un i utseaniuilszinn (Categorites) Y0IINYAN
' 1w 1 N Y A Y
Uszuran 22,000 Uszan walumsuvavuluau ILSVRC uaazildwaonulsies 1,000
Uszianvsengu (Class) tag luuaazlszaniitszana 1,000 a1 Tagldnmlugelndou
Y
NInualszana 1.2 a1 gaaIaouANNAUIAdUNA (Validation Set) 50,000 AN 1Ag
LY < [ Aa {
FANAFOD 150,000 AW WANFUIITU 1 uraiudasIAuAana1naInn1sn i luaa
o o I o oA 1 Y A % o ~ [
Wweeawaenuuiusiuau 5 nauiimenlndinesnuweianahmineunigauswaag
o I 4
mwclmgwﬁ'au“amaau HazIneenu U Top-1 Error ilag Top-5 Error 13o Top-5 Error 30
Y v
Rank-5 Error HWUAIMIMNIIN Rank- N Error Metric 111 N =5 a8 Rank- N Error A©
o ' ° 9 ] 7 ' ' s
gasIdIuveITIuToyanadoD x; Fueanavane y; lidsingedlu N e1dnausnain
o 4 4 J o w 1
MU (Top- N Predicted Result) 103 lutaatiiomianaizosdiauainuin lidesusenn
AU (Confidence) 130 P(yi|x;) 4 Error Metric (e) (Image-net, 2012) LAAIAIANNITN

2-12
1
e= —-Em_in d(c;, Cy) 2-12
n oL

0 ifa=>b

Wo d(a,b) = {1 otherwise

i ¢; Ao Class N 1AINMIMIUIBLAE C; A Class 939 (Ground Truth Label) n AB3113UAN

) g
Gluijﬂﬂl@yﬁﬂﬂﬁ@ﬂﬂ\‘l‘ﬁhﬂ az k=1,..,n



59

251  aminenssuved LeNet

I lo 1 & a A ]
Wuaodnenssunvalniluausisy (Pioneer Work) vedlasavieilszain

]

upuneuTgHu vinmsiuauelag LeCun tazame (1998) Molddo LeNet-s Tuil 1998 ua

[

1 ] AYo A A S
11!L’mmamumﬂumg%ﬂﬂuiu%a LeNet NuvesanIUnunIsuves LeNet UUNIINNIT
o [ Y 3’, 1 o ya A g 1 o Ay Y
HUFTUDN alli’)l;ljﬁﬂ"lWl!ullﬁJl,‘W‘JJ"ISﬁﬂ‘]Jﬂ]ii%@uﬂﬂﬂlﬂuu@a$i}ﬂﬂ"l‘WLLflﬂﬂuLl'U‘]JV]@]@\‘iclsb'clu

' ¥ ¢ a o o Jo a 4 {
Tasewlszamuuuratssuauay mizdoyan milavduiusnusanuigs (Highly

a { < ' o v J
Spatially Correlated) M3 19ounaiidunaazganimuennua ldamisaldlse Teminnnsll

o v Jdou o

andunusruaIna1 ao1laenssuued LeNet d9vinaus Iaglduulrnaanainnislgnis

(3

H ] Y
andunsuuuaeu 11gdu uaaiaigli 2-43 Feanilagnssuillddmsunsisideyadr

maNTeuRio (Handwritten Digit Recognition) Tugadoya MNIST

C3: f. maps 16@10x10
C1. feature maps S4: f. maps 16@5x5

INPUT
6@28x28
sz S2: f. maps CS5: layer .
6@14x14 r rl_ o 264‘ layer %JTPUT

|
| Full connection Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

319 2-43 011 JnenIIUVO9 LeNet (LeCun et al., (1998)

= 1 ) [ A = Y y
F18a108A IUUAAZ FUYDI LeNet aada31/atn13199 2-5 &a1lsznouaevuy
[ 9 ZA‘/ ~ n Y a ?xlz a 4 g’/ ?z’/
Fouiu (Fui i laiususunataziondnn) 1aiun 6 5u
Z ' { | £ o { @ Y
Fugouiud 1 usumsnoulagdu (C1) AlFdInsoavunn 5x5 Nanua 6
anso9 llaouTrgFununwdunavuin 32x32 (939 9 uainmlugadoya MNIST Hvua

[ o Qy 1 o @ a 1 o 1 ]
28x28 ualu LeNet 1¥misiiwmansaromgudldnunmdunaneuindig Inseiie) aie

@ o

J 1w Y ' Jd o a I J
Gllu'lﬂﬂTiﬁ'llVI'iﬂl‘VﬂﬂU 1 Llﬁ’Jﬂ1%1ﬂﬂ'liﬂ@uI'JQ‘]SHHTllTJNWHﬁQﬂ‘BH tanh LﬂﬂlﬂulﬂWﬁW@lﬂJﬁN

A v g‘/ A v 9 @
UAUNAUANHUSUYUIA 28X28 TNHUA 6 LINUNAU NHMLINNIT 1% 6 AINTOI

1 Y] 9

¥ Y A g & o Y o 2 A Aqw
FUEDULIUN 2 L‘]J‘Ll"]f‘l!ﬂ'liﬁiJ@Tﬂ‘Uﬂli’]Hﬁﬂ’JfJﬂﬁV]11{36]6]\1 (S2) u‘uumaw%ﬂ

L)

'
1 a

J 1w o ] d v
VOULVALUY 2X2 ﬁ’)ﬁlﬂlu1ﬂﬂﬁﬁl’lﬂiﬂ NNy 2 ué’ammnmmﬂamm"lﬂmuﬁmﬂvu tanh

a d 4 { U g’l { v {
Al ueIanaUeHUNAUANHUZYUIA 14X 14 NINUA 6 LNUNQAUANBUL (10 9 LU

v

Y i 1
AUANHUZNNFUNEUNIIZYNUMNUToYaRIeMTTIYAR)
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A13197 2-5 51982108 JLAaFUUDY LeNet (LeCun et al., (1998)

Layer Type Maps Size Kernel Size | Stride | Activation
Out Fully Connected - 10 - - RBF
F6 Fully Connected - 84 - - tanh
C5 Convolution 120 1x1 5%5 1 tanh
S4 Avg Pooling 16 5%5 2x2 2 tanh
C3 Convolution 16 10x10 5%5 1 tanh
S2 Avg Pooling 6 14x14 2x2 2 tanh
Cl Convolution 6 28x28 5%5 1 tanh
In Input 1 32x32 - - -
Fugeuduil 3 WusunsnouTigdu (C3) nuuiReasuiudu c1 udld

1Y '
L= - | o o 9

o @ 1 @ { I g 1 o
NIONVIUIU 16 AINTBY Hﬁllaﬂﬁﬂuﬂﬁ‘ﬂ %u%m%’uﬁ 4 LTJL!%uﬂWiQfN@TﬂUmﬂyjﬂﬁ}?ﬂﬂWiﬂ1

Y

A o v o & ! & { < ¥
waas (s4) ludnyuz@ernunugu $2 drusugewsui s Wusuganevesmsneuligiu

=\

Q

~ \ P A ) 2 AW Y ¢ A
(C5) NEWITOVOINININDIANAVO LU DAn B NIHNAT 18 oglugdvoannmeinll
° J d v J W ' A v a °
$1u9u 120 09Adsznou 1INUUTBYaININIABIAINE1D I iFounUTIToUTIUIY 84
a g}/ 1 9 ~ [ A 2K o g’/ S A 1% 3’; 4
UI50UVOITUFOWTUN 6 TUANHULHVVIFONDINUHUA (F6) 1azdu F6 NFoUNUFUIDIANA
HUDFDUDINUNUAITURSIN Y

g’/ 4 ya ) a A o %] I 1 A
FUIDIANA 1HTITOUTIUIU 10 Tsoumouunataveanilu 10 ngy (Ao

o 4 do 1 ~ < E H ¢
aav 0-9) toWendunto Toun il unyy Radial Basis Function (RBF) wunn lusuio1ane

[ Iy ] ] ] 4 a [ Ll %7/ o o ]
vzl ldmsgunuganeyAIzHIeAINAes VoI UNANUNNAD T ANTIMITNIAIINIH Y

Jo 1 ~ < 1 & ' a ° o w

WenFunieTounnunldlaena 1 uaeidnavewnazinsouszduiannnmsoniaides

] a 1 4 a [ Jd
YDIAITLILN NNV UYAAIASY (Euclidian Distance) ¥1IIINADIVOIBUNANVINADTAL
Y
NI ALNY

2 o 2 { < o ] o ] )
LeNet uuinauovumlugainanuEives cPU 1 luganazdslusinigi

9 =] o 79 9 a o @ Yo @ J .
Gru inld uantimai liszgnaldanusssdmsumsisisialisuaid Zip Code) uas
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¥ v

@ < Ao 1 & < o [ Y a o
aay waziuaadaenssuniadnilugaasdunaziiiuusagaladimsuldinanmswaun
4 :
anfaenssuons Tunaiaeun
252 andagnisuued AlexNet
S { o 1 o A 3 Ayo
WuanTaenssuiild InseielszamuuuaouTrgiusuduiunion
) 1 d '
pgnauninats Tagmwiz luaunisdiumsueaiuueunsos Iag Krizhevsky tazaiz (2012)
vq ¥ & o = s w Y
IalFannTaonssulude AlexNet asuanslugili 2-44 drwisumsuysdnluau ILSVRC 2012
ioTIUNToYANINIINYAUDYA ImageNet
9 1 v
seazen luuaazsuvean1lnonssy AlexNet HHAIAINITINN 2-6 BV
9 =K o " a3 1 ~ 1 U =\ = ] [ o
AA1BARINY LeNet tsitilulnsevisnlvginiwazinnuanuinnai sguanyusd1Ayved

A
AlexNet 19

8 204t 2oas \dense

[N
B

N dense dense|
55 1000
\11 ) 128 Max L L
; 2048 2048
22‘& Stride Max 128 Max pooling
of 4 pooling pooling
3 48

317 2-44 an1laenssuued AlexNet (Krizhevsky et al., 2012)

o J v U Y 3 g’/ g’/
—hwlangunie Teunun ReLU w1 lgi)unsausnlusu CONVI, 2, 3, 4, 5
ag FCo, 7
Yoy o g
— 1sWanesu Softmax 11U FC8
a .. Ad @ P A o A
—  §i%u  Normalization Milun1sueiuea ladaanunuiaudnyuzNog
108 o fu
— 1¥m3919a@UY Overlapping Max Pooling Iagiivualdvuianis
o Y 1 H
a'lnsd luuuueutlosninlunuiag
° o . ¥y A A < AN O
— 1ManmMs Data Augmentation 11 1HieuAMuTunsaina T
] a Y 3’, Y ' o a =< =<
—  Yunatia Dropout 11 1% 1UwU FC @281 0.5 (@ATIUIUUITOUAIATINNY

HUVGY)
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— 14 Batch Size vu1a 128

— 141 SGD Momentum L‘]dJLl 0.9

— FaasimsiBeudisuduiy 001 uazaasiasaieaz 10 mideiie
(Manually)

— 14vdnms Regularization 411U L2 Weight Decay

— Hneeulagly 2 GPUs (GTX 580 GPU) waz 191inea11u31 3GB Tasuis
- 4. g 4 A : 5 a
isou (unuiaadnuuy) Huasmilluudag GPU ude

— CONVI, CONV2, CONV4, CONV5 : HmIsaeufimmizuaun

AuanyazNoguy GPU Henu (Andodea1suy GPU 1RgInl)
! v 9
~  CONV3, FC6, FC7, FC8 : imawounununnunuinaanyms lusu

1 Y a A 9
NOUHU (AANDADE13UIN GPU)

A3 19N 2-6 51982198 1LLUAAZ ¥ UUDI AlexNet (Li et al., 2017)

Feature Maps Layer Details

[227%227%3] INPUT

[55%55%96] CONVI 96 11x11 filters at stride 4, pad 0
[27x27%96] MAX POOL1 3x3 filters at stride 2
[27x27%96] NORMI1 Normalization layer
[27x27%256] CONV2 256 5x5 filters at stride 1, pad 2
[13x13%256] MAX POOL2 3x3 filters at stride 2
[13x13%x256] NORM?2 Normalization layer
[13x13%x384] CONV3 384 3x3 filters at stride 1, pad 1
[13x13%x384] CONV4 384 3x3 filters at stride 1, pad 1
[13x13%256] CONV35 256 3x3 filters at stride 1, pad 1
[6x6%x256] MAX POOL3 3x3 filters at stride 2

[4096] FCé6 4096 neurons

[4096] FC7 4096 neurons

[1000] FC8 1000 neurons (class scores)
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Y 1
aalaenssu AlexNet WUFULMIUUITH 119U ILSVRC 2012 (Wod1uun
9 9 Y A Ay v o w ]
FoYaNINIINYATYA ImageNet A28 Top-5 Error Rate 7l 16.4 Tuamzidyuzouaunnu 1a
dl o A 1 [ = o Y [} v
Top-5 Error Rate 7l 26.2 Hufoanudalszuna 10% v ln Insenielssamununou gy
I 1 1 = Yy a =K 3’1 1 3’;
WUA1179909 1AM EHUTFIANAIUAU U
253  aonenssNUee ZF Net
I { o . @ {
Auaanlasnssuminauslay Zeiler 1ag Fergus (2013) Aduaadlugln 2-45
e v 4 4 2 D
nazyuemMIuvIUu U ILSVRC 2013 @28 Top-5 Error Rate 01 11.7% iy lassuion
o [ { 4 a 4
YSuil5am9n AlexNet  aaomsUSunlaesulanloswmisimes luanilaenssu (Tweaking
. d‘ 4 a 4 =® o @ d' X v g’/
Architecture Hyperparameters) 130 la1t/osmsiimes waneds s1uiudinseen 15l uuaazsu
o s A 2 g
via U ez uu819998I0I09 YUIAVDINITE 1NTA U3 FUAVDINTUNAAD (3]
Y zé [ d' = g’; g’.: % 9 %
au gamstiunlasuranas Tusuusn 9 vessunisneulgduaz lgvunadinseanazvua
P g’; g’/ ] 9 o o A da! =
mya Insa Manas vaz lusunan q vessunmsaou gsuazldhwudinsounniu ude
Y A A ) = A
ZF Net Hufo AlexNet nin1sil5uilasune
{ % 4
~ CONVI (Layerl) : wWasuandinsesviuia 11x11 srevunanisa lnsa
1w I Y 4 Y
iy 4 Tidludanseune 7x7 dresvuiamsa Insa midu 2
o o A A 9y ° o
~ CONV2 (Layer2) : 91n9113uaAn50970 256 11/asuli1gared1mudinses
512
) o = = v Y o o
— CONVS (Layer5) : 91n3113UA3n509970 256 11/asu i 19a18d11ud 504

512

image size 224 26 13 13 13 _ _
filter size 7 | | 3 ‘ '} 3
| 1 k384 | V1 384 256
\2‘56 A" N N
stride 2 3x3 max| 3x3 max| C
3:? max pool[ | contras pool| [contrast pool 4096 4096 class
stride 2 stride 2| | norm. stride 2 units| units softmax
3 ss(l ] ° ;
2 39 6 256
Input Image =36 w256 v -
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer?7 Output

g‘ﬂﬁ 2-45 @011198N5IUUDI ZF Net (Zeiler and Fergus, 2013)

oMM HD1nN ZF  Net ﬂimummﬁﬁﬂmm ILSVRC 2013 910019

YSunlasuaniidnenssuain AlexNet aana1dnad 1ua1uveq Zeiler itag Fergus 69 1ainaue
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geiaulonnn lugiuvesmsuaainaunuinuanyae (Visualizing Feature Maps) 1UAD
Y o a . . . . A .
lawanunaiinmsuaaina (Visualization Technique) Mola%e “Deconvolutional Network”
4 ] 1 1 { A 3 1 [ [ v J
meselunisasrsaouanuuanalgvesminatuluumuiauanyuziazANUTNNUS
[ ~ [ v Y a ~ A I
FTHIUHUNAVAN BV AUTDYADUNA NUIVBIFD “Deconvnet” 103121 uMstlas (Map)
vinguanymez 1Ud19an1n (Features  to  Pixels) F9asanuaunununsiinouligdu
(Deshpande, 2016) Tagmaiian1suandnanisldae Deconvolutional Network Aana13LaAIAd
317 246
a YA . A ES
MANANITUAAINANIETA%D Deconvolutional Network U3 2-46 1
Yy 9 g ¥ A o A o 4 a1y y
aug1ue93111u%Y Deconvnet M muniminlAusu Convnet Nogaiuan  Tagsu
9 [
Deconvnet ﬁ]xﬁ'lﬂﬁfjjﬁu (Reconstruct) ﬂﬂﬂ8ﬂ5$ﬂ1mﬂ1ﬂﬂmaﬂym$ﬂlﬂd%u Convnet ‘ﬁﬁlgﬂgl)’lﬂ
1& (Beneath) d1%5UA 11819909317 2-46 1AAINITAUTUNITUUD Unpooling Y89 Deconvnet

Taen3 14 Switches d1115UTUNNAMNUIUDI Local Max TuLAAZ U0 LIUAYDINT WA

Layer Above

Reconstruction A Pooled Maps
Switches
Max Poolin
Max Unpooling i} k)—‘w e
Unpooled Maps ' Rectified Feature Maps ‘
Rectified Linear T|\ Rectified Linear
Function Function
N N |
‘ Rectified Unpooled Maps | Feature Maps ‘
Convolutional 1 Convolutional
Filtering {F7} Filtering {F}
NS
‘ Reconstruction ‘ Layer Below Pooled Maps
Layer Above I 5 __
Reconstruction % Pooled Maps
Unpooling @
‘ Max Locations
¢“ “Switches”

Unpooled
Maps Feature Maps

317 2-46 Deconvolutional Network i e 15 umsudaIHaunuNnuanyuy

(Zeiler and Fergus, 2013)
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Aa { o - 4 ) [ o
madamsugaswan i uauetNlse Tesuund M ULaAININAITINNIUYDY
[l @ ] o I a 4 4 A a A % 1
TasaeuuuneuTagiu lumsmedmSumsimsizdmomuilszdninwldnu Tnsiela
y k4 L] L ) a o 1 1 (93’1 | YY) 1
Wupamatamsuaanall lumsaasiaiuiensinaumeluvedIasainaminiy uagaxie
Ifawnsonesand lddeluiodTulseanntaonssuveslngaite 14 (Deshpande, 2016)
2.54  a0nenIsNYes VGG Net
#01JnenNTIUV09 VGG Net Huauo 1ag Simonyan L1ag Zisserman (2014) N1
a v A Y o =] 1 d‘d ds! [ ~ d‘ I
NALUIAAKEaNABNI IFdINTosvINanuas Iassinenanyu awaaalugdn 2-47 il
ao1nen3IsuUe9 VGG Net 11UU VGG16 (16 Weight Layers) 1182 VGG19 (19 Weight Layers)
A Y e
WonlFeuneuny AlexNet

v 9 A

AUANYUSTIAYVDI VGG Net A0

g
9

— uaazguvesmsnoulgduldmmgdiniotvuia 3x3 areuuiani
Y 1 %
sa'lnsd i 1 uazshunaAsdIeAIgUEvLIAINY |
] g’/ o A A 4
—  uAazyuUeIN IIyaasln gy a U UINNFAI8VD VIUAL LY
4 [
2X2 HazvAMId Inse minw 2
o (J g’/ % A 2 I 1 @ Y
~ SwnumnseslusunouTrgFusgniuiuae unmasnnsums
° A v A 3 ) Aa 9 ' a & A
Wyaas vupelunsaivayuuuinanis ldesalsenoudanun
] Y
1euaq (Shrinking Spatial Dimensions) uatiu lun19a@nuInUY

(Growing Depth)

9
[ o

—  gnsaldlaanuninsSunnwuaz UM sEyAunLvesing
(Object Localization Tasks) UHUA® VGG19 FULIAATIMTUNUNTIZY

]
v A

muntsvesinglunsuasdu ILSVRC 2014 nagyuziludduiaes

(7.3% Top-5 Error Rate) d15ua1unsswunnnluilifedny aar

v
yuzaaluaun1suunInYedd 2014 wufsanTaenssuuea
Google Net (6.7% Top-5 Error Rate) Naztinaueluaauda’ly

a a3 a % o .
— l4matia Scale Jittering 1T umainnalun1391 Data Augmentation
9 o 1 [ 1 g’; %
—lylanduaieTouuny ReLU HadanusazsuvyeInsaau 1gau
g’} = 9 o = U [}
— quasulumsdnaoulsanyazAeINUNL AlexNet
— 1ufimsvi Local Response Normalisation (LRN)
— Tneeulasld Nvidia Titan Black GPU 91474 4 GPUs l#17a1

szana 2-3 dalad
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| Softmax |

| Fcio00 |

I Softmax | I FC 4096 |

f8 | FC1000 | |  Fca096 |

fr | Fcao0s | | Pool |

fe6 | FC 4096 | | 3x3conv,512 |

| Pool | | 3x3 conv, 512 |

conv53 | 3x3conv,512 | | 3x3conv512 |

conv5-2 | 3x3 conv, 512 | | 3x3 conv, 512 |

covs-1 [ 3x3conv, 512 | Pool |

Pool ‘ | 3x3 conv, 512 |

| softmax | conv43 | 3x3cony512 | | 3x3conv,512 |

|  FC1000 | conw42 | 3x3cony512 | | 3x3conv,512 |

f7 | FC4096 |  conva1 | 3x3conv,512 | | 3x3conv,512 |

f | FCa09 | . ool | pool ]

Pool :, conv3-2 L 3x3 conv, 256 | | 3x3 conv, 256 |

conv5 | 33conv,256 | conv31 | 3x3conv,256 | | 3x3conv,256 |

conv4 | 3x3 cony, 384 ~ Pool . Pool |

. P_o?)l 4 | conv2-2 | 3x3 conv, 128 | | 3x3 conv, 128 |

convd | 3x3conv,384 |  conv21 | 3x3conv,128 | | 3x3conv,128 |

S T owa | [ |

conv2 | 5x5conv,256 |  convi2 | 3x3conv,64 | |  3x3conv,64 |

convl | 1xl1conv, 96 |  convi-1 | 3x3conv,64 | | 3x3conv,64 |

| o]
ALexNet VGG16 VGG19

317 2-47 ao11fnens Ve VGG Net iilonfonifio iy AlexNet (Li et al., 2017)

255  aoinanssuuee GoogleNet
I A o ~
Wuaordaenssunwmuilae Szegedy Lazame (2014) 11NNUYBI Google
Research UMY 99U 19U IUNAINUDI ILSVRC 2014 9105 1% 1A 39180 TA1
= 1 [] Lﬂ' d' ] [ d' ] (% 9
anu1nn11asaunedy o Nruu awaaslugin 248 Tulasavienanazilsznoudie
v v A A ' . 9 = = 4 A ¥
1n399188087i38n71 Inception module (LAAIAIBNTOUFHATNUUIAIUFUN 2-48) NaviNA 9
v Y
Module TasnFuA19 9 TuiAag Inception Module ¥1191UA ULV Parallel tazilsznaualedn

a011A59918800750n 11 Auxiliary Module (4ara3adensoudmasumuIvoulugii 2-48) a9
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9 Y ) Y v
NaMuAved InsaueiuNIANNEN 22 ¥U WeorlummeruNiA1Uee Weights 11ag Biases A4

Y ]
aaes1eazoen luuaas FuaIna1vesan1daenssu GoogleNet Tua1s1afi 2-7

coadlaa

LUIAANANUDY GoogleNet ADRBINTUSVLTINs lFMTwens lumsmiuin
. ] YA a a A da! 9 A
(Computing  Resources) N8 1115991819052 @NTNINUINTIVUAIINITINUYUIAVD
] ?;’z 9 = = o A a A 3’.: < 9
Tasavienalusuindnaazuuian  Famsmuianilseansamiwilurnaniainns e
] o a 14 g’; 1 o 1 g o Y
Inception module 111 1a53918 Tags1uiumsimesnanuan 19 S1uiuvesaninivintag
o g’; =\ a P 1 ]
Tudananua) Tiszana 5 a1uw13 1893 970801909 AlexNet 151188 12 1911 (Li et al.,
9 [
2017) M1% GoogleNet HyuzaAluUMITIUUANINUDY ILSVRC 2014 7 6.7% Top-5 Error
= A ~ <3 1
ns1gazideanieluvesanitlaenssuiuandlunis1eail 2-7  awsiuN
v Y 1
Tn599183715351 Inception Module %1411 19 9 Modules 319 u5udna 3, 4 waz 5 Tasuoan
[ I o g‘/ :9111 %’J 1
1AL Inception Module HAMNANTU 2 AIHUANVANNIHNA 22 FUYDI IATIVIINIINNIT
@ ° ) @ 1 v H { g .
TR W TIUIUFUYDINTADU 19T (A TuADAY Depth 11Un1519) agsuiTy Linear
1 z’; "9 J v P o g‘/ A 9 a 4 3’4 A
AOUFUNITHUAINIAeWINTY Softmax FUUUMTHURMILFUNTNT IEWI51300T (FURTA
y ‘Y e o y 2 . , y ;
wminuag lude) uadniusuiugugos 9 navua (112U Block 808 9 Nanualugili 2-48)
v Py H
HATUNINAYTTUIB 100 U
#MSUAIUUDY Inception Module 11 Auxiliary Module ALEAIAIONTOU
4 4 r ? 4 o 4 v . <
amagylugaln 2-48 WuliswaziealisveseonuIaAIndgili 2-49 Tudiusisazideaves
{ { o 1 { < 0 A L
Inception Module ftdnalugilil 2-49(a) 1% Block aruaragaidumssiadanuund
o A o 4
Y9I 3x3 + 2(S) HNIWAINMTHIWAAWVUUNNF UV VIVALDY 3X3 A28VUIANITH N5 A

T o

o Qy o Qy 1 o 4 " W [
NNY 2 UagNUNaALUY SAME (ﬁf]ﬂ'l31’]'ILL‘Wﬂﬂ\‘]ﬁjﬂﬂﬂTﬁuﬂclﬁjlﬂ'lﬁV!ﬁﬁ“llu']ﬂlﬂTﬂuﬂ'U

)]

DUNS)
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A1519% 2-7 s1eazeaneluvesan1dnenssu GoogleNet (Szegedy et al., 2014)

type P a:f:;ﬂ:e/ oz:f:t depth | #1x1 ﬁj:j #3x3 ﬁzii #5x5 I}::z; params ops

convolution TXT7/2 112x 112X 64 1 27K 34M
max pool 3x3/2 56X 56X 64 0

convolution 3x3/1 56x 56192 2 64 192 112K 360M
max pool 3x3/2 28x28x192 0

inception (3a) 28X 28X 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28X 28X 480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 14x14x 480 0

inception (4a) 14x14x512 2 192 96 208 16 48 64 364K 3M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x528 2 112 144 288 32 64 64 580K 119M
inception (4e) 14x14x 832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 TXT7X832 0

inception (5a) TXTx832 2 256 160 320 32 128 128 1072K 54M
inception (5b) Tx7x1024 2 384 192 384 48 128 128 1388K 7IM
avg pool TXT7/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x 1000 1 1000K IM

softmax 1x1x 1000 0

DepthConcat

Conv
5x5+1(S)

Cony
3x3+1(S)

Conv
1Ix1+1(S)

Conv
1x1+1(S)

Conv
1x14 2(S)

UEYGele]
3x3+2(S)

Conv
1x1+1(S)

MaxPool
3Ix3+1(S)

(a) Inception Module

Conv
1x1+1(S)

AveragePool
5x5+3(V)

(b) Auxiliary Module

317 2-49 MwvsuanIBaziBeAaveIDl IATIVIBEREN Y U GoogleNet

(Lietal., 2017)
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4 o o 1 & e A s o 1 & Ag
iesnnvuavesdInsestnlIniulanodwnisiimesnanodunilaNde
A Y 1 o o 1 1 3/ o A A o 9
donldlulassneunuaeuligsulaens linluuaazsumsnouligduiaeiioanunds 1y
I ' ' o o J . ke a
il ls uadmSumsoenuuuludiu Inception Module 399 GoogleNet 1iu1H1u77a
1 o o 1 { < ' { <
1 naaeeilunn q v (Taodunainnz ldauuaii@n wu 1x1,3x3 %o 5x5 Milunady
A Y A o ' ¥y A 9 1 a ~ 1 Y Y
Woaw1nnms s luaaidasnssuniuauensuntiituainannyuianlva) uaarlv
] ' { : I v 2
Tnsstredoneanies lsanga (Mule, 2016) FudunsliTueans299u 1403 Local Features
@ { g o { [ Vo Y
11nM3 1FvuIaaInsosiianuas High Abstracted Features 910UU1AAINT097 111011 Aatiu
{2 a 4 . 2 ~ 1 g ' .
vanatu Inception Module Y1 1uTiaa Alunaziunoudosvod Inception Module §13159)
W 1y Parallel
. ~ (2 Y1 1 )
910 Inception Module 113171 2-49(a) vzduna ldNneuduAsUMIIAOUTIY
o v & o 2 4 < Y Y
FUUDY 3x3, 5X5 HaznaavuaeumsmyaauuuungIziuvruaoumsnou Igyuu
9 F4
1x1 (Tagruaounsiinisneu 1agruuny 1x1 Tuanyazuillu GoogleNet Fond1 1x1
: ] o w U .
Conv “Bottleneck™ Layer) GTNﬁi’)’Ju‘ﬂLlf}iym]ﬁmﬂﬂ’e)\‘lmiﬂ’f)ﬂ!,!,‘]J‘]J(luﬁ’m Inception Module
¥4 GoogleNet d115 UM HIaniiavedaya (Dimensional Reduction) Tuunuigauanyms
I a 1 o Y v A g 1A Y Y
Wuduna nazrreaamsduiaas lduin vuned luiinis 1ddruvesmsaouTigdunuy
v & o _ _ 4 4 4
1x1 f4na1 2 uanyuzuod Naive Inception Module mmmlugﬂm 2-50 NIIUIU

9 1
Operation NIHUATIIZABIMLINIZZINIINULN

Filter
concatenation

- —
—— —

____,_-'-"""_ _\-"“-h-._._q_ ___“"———__‘___‘_‘_‘_-_-

1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling

3

Previous layer

p] 1/ 2-50 Naive Inception Module (Szegedy et al., 2014)
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A A aa Y v < o 9 o
uenmieNNFIBanlAvesveyandl Ussiiunanveamslemsneu lagru
A ' o Y (% ] @ A A g o [l
B 1x1 AvdsnrreaamsiuInad lauin enared1easgili 2-51 aidlunmsendiedis
g v q 2 o Y 4 4
druniaveImsaou 19gFulusu 3(a) 9190135199 2-8 Y93 GoogleNet (FUNUNIDUTHABY
o w Y, A o v Y o 1 AA g . .
13 WehmsaeuTagiuuun 5x5 Tuguasnarlunsainiuniy Naive Inception
o . . .
Module (1an3a931/9 2-51(a)) oz Tunsaifidluuu Inception Module 111911 GoogleNet 171
M3AoU 1IgFUNUD 1x1 NUNEIIMUAIBIUY 5X5 (LanIasgli 2-51(b))
o A = Y o I o .
nnmsasy grunnaadlugdn 2-51 dimuiaeenunilug1uIu Operation
g’/ A 9 9 1 [
NIuaNAee 15U UAAZIUY T NUN
, _ A 4
— WYY Naive Inception Module mmm“lugﬂin 2-51(a)

U Operations = 52*(28)2*(192)*(32) = 120,422,400 Operations

— 11U Inception Module U¥D3 GoogleNet ﬁl!ﬁﬂﬂugﬂﬁ 2-51(b)
911U Operations = [17%(28)°*(192)*(16)] + [5"*(28)*(16)*(32)]
=2,408,448 + 10,035,200

= 12,443,648 Operations

Feature
Inputs maps

192(@28x28 32@28%28

Feature Feature
Inputs maps maps
192@28x28 1le@28x28 32(@28x28

Convelution
5x5 kernel

Convolution
Convelution 1x1 kernel
5x5 kernel

(a) (b)

317 2-51 arunilsvesmsnonTagadulusu 3(a) Y99 GoogleNet (Mulc, 2016)
(a) M3nOU 1IgFULUD 5X5 11 Naive Inception Module

(b) M3noU TgFuLDD 1x1 AR 5x5 11 Inception Module Y04

GoogleNet
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v v
ZWUIIIUIU Operation NEAN Inception Module U84 GoogleNet vutles
1 Aq Y . . a ' v Y o
12101411111 Naive Inception Module Uszana@umi swilurauinnmslenisneu g
1 e { 3 1 [} A { [
HUY 1x1 11590 UBNIINHIINAI5197 2-8 sziunluTassieldmsyaawnumasrasen
. Y \ o Z . ~ 2 & A
Inception Module fjﬂﬂiﬂﬂjﬂﬂﬂﬂﬁlﬂﬂ (¥189910%U Inception 5(b)) ununzlusuLy FC 91
9 < 2’; < ) Aa 4 Y ] o = @ ~
15 Taes lUriunawisaandiuiumslimesad IAonUINFUAY  FIMa99107 GoogleNet
9 Y
vaue Tueanyy 22 ¥ 11U ILSVRC 2014 1d2 185msiaaednyate Version AU
a8 Version ﬁ”l?jﬂﬁi’) Inception-v4
256 aoilnenssuuee ResNet
<3 A 1w A .
Wuaordaenssunasuensuvstulu ILSVRC 2015 1u%0 Residual Network
A A o d%’ A o Y
(Y199 ResNet) (He et al., 2015) navulae He tazame naiunsonlv Top-5 Error Rate
1A 9 T AA = = ¥ & a Y
AABINIBYN 3.57% 910N13 15 1ATIV1ATANINANNINDT 152 FU F3934 ] HAIIINNTNAADY
Y
Tag He tazamznun s1vzainelasavneludnyazi¥eaanuu “Plain” 910M31NFUAIN 9 11
1 v H Y H Y Y
Founani 1Fes 9 111 & ANNEAN 56 FUNUNAMANVAANAIANAATUILLEAINIRNANAIA
= & n Y a . ' g '
vinmsinaeutazminadoy ¥ lu i@ unan19inn1sina Overfitting uaiuws1z191n
Jyn1n13 Optimization 1051281 1A59910898N 28901011415 Optimize Vel duyAgIUE MY
[ @ A A v 2 [} 9 A 9 [ Y
ponuuy Insineluanvuziin Tuaaldanniniuediaiseiganainisezamnsomaiulda
@ d‘dy =] ~ Y ! o 3 . g ) Y
wo o N Tuaanaun 1 unuIveIn13a3191A33918910N15719 (Copying) FUMTITOUF
4 & ' ad A 9 4 2 1o Y < . . = a
nnlweanegaunasisuna NI uIN Ivumnua i)y Identity Mapping #4uu7na
@ J @ { { g ) . 1 . o 1 g
aenanuaaIneg i 2-52 Miluns1i Residual Block i 19 luTassirsunuiaziiuaaz suun
A0 9 N luaNYE Plain Layer
A I a ' =) ' < y a A
51U 2-52 1Humsesuenlumsinaoulassitelagna lihiulinhvuiens
] 4 a @ o 1 <
1% TnseneTuiaa Target Function H(x) HABUS1LIABUNA x 1HNU0MnAveeInseve (1
I A o 1 v o
AoiTlun1siin Skip Connection 14111)) 9291 1% Inssdregniisdnln Tuaa Fx) = Hx) - x
~ ¥ Y X ! . .
unuiez v luea Hx) Taoase anyuens luaauuuisennd Residual Learning
NATNBULNT 1UIAAVDIUIAA Residual Learning 1a8N15 1% Residual Block
Qv 1 o g o
fana1d a011nenIINUe ResNet 398 UTUBYUNIIANTEINAY 9] Residual Blocks M1foU

o v A

@ [ A 9 A
nY ﬂ\‘]qﬁ]ﬂ‘ﬂ 2-53 AUV NUAUANHUSHANAD
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H(x) = F(x) +x
Ho < et
Use layers to
conv fit residual
X F(x) = H(x) - x
relu F(x) identity jnstead of
conv H(x) directly
X X
“Plain” layers Residual block

311 2-52 IRV I3 19 Residual Block 11 ResNet (Li et al., 2017)

9 v
% =

Y 9
— 90 Residual Block fisunisaouTigduassruilddinsewuuy 3x3 103
Ed

GOREAT

~ A o @ < ' o 1o 9 4
— Imaiiwiiudinseuiluaeuniaziimsgudidassvinamsalnsg

1w I 1

N VA0 UBN 9

~ad o = 5 = Y
—  DHuMIneu 1IgFUUINTUADUITNAY

k4 9

— Tulims 145 Pe nassunonligiugaineg

=1

= 9 o [ 9 A o 3
anvannlydimsumsnaasdlugatoya ImageNet AvmHuAilu 18, 34, 50,
Y = ~ A = Y A Ay v
101 tag 152 Fudauaasseazooalunised 2-8 Tasinnuan 152 Yune luman'la Top-5
I~ = 2 HAq Y o =2 g g
Error Rate 134 3.57% 910015199 2-8 azifivn luaanlgssauanvanily 18 uag 34 1uly
] g}/ ] { a3 o %’, 1 o [
uAazResidual Block 1sznouaie 2 Fudesiiiluminouligiuiuy 3x3 Navua uad1msy
{ @ I~ g’/ 1 3’;
Tuaanldszaunnuanilu 50, 101 way 152 1Y usazResidual Block 3215noudie 3 u
1 A d o o w <3 F2A A 9 @
gosiidunmsnouTagFuuuy 1x1 uu 3x3 uazuuy 1x1 awday smuldiuieldszau
9 Y
anwan 50 yuaulyl ImsihwuifAaves “Botteneck” Layer 91nmsthmanouTagduuy
1x1 1 lugiuuod Residual Blocks tiariulszansam oy Inseuiemu@einunulu

GoogleNet



relu

F(x) + x 0

F(x)

X
Residual block

X
identity

3x3 cony, 512 .

.

319 2-53 ae11laen3 IV ResNet (Li et al., 2017)

3x3 conv
128 filters
with stride 2

3x3 conv
64 filters

A 2 1 Aqu =2 A A T Y 9
AT NN 2-8 51Ela3lﬂﬂ@sllf]\1Iﬂ5\1GU']ﬂnn‘lclfﬂ'J'ulaﬂﬂl!@]ﬂﬁ1\1ﬂuﬁ1ﬁiﬂﬂﬂa63ﬂu6}2ﬂmﬂga

ImageNet (He etal., 2015)
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layer name | output size 18-layer r 34-layer T 50-layer [ 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
3%3 max pool, stride 2
1x1,64 1x1,64 ] 1x1,64 ]
2 , £ il
s | Basab g;gz gigz ]xS 3x3,64 |x3 3x3,64 | x3 3x3,64 |x3
' . 1x1,256 1x1,256 | 1x1,256 |
. 1x1,128 1x1,128 1x1,128 ]
conv3x | 28x28 g:g :gg gi; :ig 3x3,128 | x4 3x3,128 | x4 3x3, 128 | x8
' L S 1x1,512 1x1,512 | 1x1,512 |
: [ 1x1,256 ] [ 1x1,256 ] [ 1x1,256 ]
oy | T g:g ;gg g;‘g ;gg 3x3, 256 3x3,256 |x23 || 3x3,256 [x36
' LR | 1x1,1024 | 1x1,1024 | 1x1,1024 |
. [ 1x1,512 ] 1x1,512 1x1,512
convSx | Tx7 g:gg:g ;:;gg 3x3,512 3x3,512 |x3 | | 3x3,512 |x3
* L. 27 | 1x1,2048 | 1x1,2048 | 1x1,2048 |
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10° 3.8x10° 7.6x10° | 11.3%10"
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~ 1 g’x v Y d’ld = 1 [
“VIﬂﬁTJiJWN‘ViiJﬂﬁlL!W’JellfJ'LlL“lJuﬁ181%13L@ﬂﬂﬂlﬁ]\‘]LL@GZIﬂiQﬂHﬂﬂi%ﬁW‘V]LL‘U‘U

]
v A

! 9 < 0 Y & A 1 2
ﬂ?JUT’JQGHHVILﬂL! 9 uazﬂ5$a‘ummmgiﬁlmﬂmsuﬂﬂmm ILSVRC Gmma"luummu

. . Y o =2 = a o 1 [l
Canziani tlazAtde  (2017) ll@ﬁ/l”lﬂ”liﬁﬂ‘]sl"IL']_IC%EJTJL‘VIEJ‘]JLLag'JLﬂ51$WTMLﬂa@]”N gl 199159018

'
a oaada

a o [ o [] v A 1 [
UszamFeandmsumsiszgnaldlunelfianiilnssiteasi ldnanudisivegale
= [] A @ 1 A da! a d o 1 9
5DV TATINATMTHALIAEDANNIULT HANITAATIZHAINE1ILEAAIRI8NS 1Y

= v v a = ' . A o 1
sumeunuaszln 2-54 Fawun Tuaa Inception-v4 NNAIUINDYDANIIN GoogleNet LLAY
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[ ~ Y A Y o o vaRk o 1 < ~ Y [P =
anvauzmsiseuivounioudisiacn ludavteaindunmsGeudnvoluiddnaou
. . { 3 ° Y . .
(Usupervised Learning) ﬁtﬂumimmﬁﬁauiuuuuwaﬂau (Backpropagation Learning) 41
Pt o 1 td ] @ v a YR B~ [
dszgnaly Taofmualdnneranathuuiomioununuaivesouna uazdainiludnyae
a Y A Y o . . Yo 9 A a &y
YBINIIIHUINO A3 19ANY (Representative Learning) Trinvvoyanauladngiluvuniianiy
FUNU
~ ] [ ~ 9 d‘ 9 Y] [ A o [ 9y @
JUN 2. 65 HaAIRI08199INMIIBBUTVRUATEUNITHADR TUUAG NS UMSII W el
Y Y
Uo3AIAUFIUA0Q (Binary Number) Tag 14 Inseuionun 8 irsoulusuduna 3 iasouludu
] 9 a g'.: 4 @ 9 v A
¥ousunay 8 HIseulurwoidna anvaslaseainveslassvisuanalugili 2.65() oz
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v 9
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nilaailunadnuagaienl weights 1ag biases N lau1nnmsindou) vz Idnaans ludiuves

9 1 v
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aanan gimatiaa (Round) Tihilua 0 w50 1 (%1 .89 .04 .08 Taauilu 100) wadwsn la

@ 9 [

winiloununumslduanmsnswadmiuay 8 DauuuiTuasgIu (Mitchell, 1997) 910

o 1 A Y3 = A dAyy Ay A 9 o o wa 1 o oA
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AN (Representative Learning) 1dnudoyafiaule uazsainilumsiseuiunulusidgdnaou
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(Undercomplete Autoencoder) nvad il unsouinswaon IulAuu VLU UAUAY (Traditional
! H 1 1 k4 4 % U wa
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4 v @ wa 1 I
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4 Y v W wa @ .
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Y 1
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4 U U o J
29.1  nseudnsHaonluiAIUUGINIIENYsal (Undercomplete Autoencoders)
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fJ‘ﬁﬂﬂlﬁTﬁKN'[3”1451]ﬂ']ﬁ1@%1%Qﬂmaﬂym$mﬂﬂigiﬂ%u (Useful Features) 310 h ﬂ@ﬂ'ljﬁnﬂﬂ(lﬁ
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=1 = A o

2 ' 9 aa . . Ay ' o aa a =2 d 1
FUFDULIIU b WA (Dimension) NUBINITITUHIUNAUDIDUNA vlunuvesro drinn
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=
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Function) é\‘]ﬁ@
L(x,g(f(x)))

4 < 7o { a o '
o Lfluandumsgapdeiinannnisiinng (Penalizing) 1% g(f(x)) Innuuanaislal
[ 9 9 ] a A o o I Y
10 x UM 1F L 22010 NAAN1ARAINH 189809 (Mean Square Error) 1Y udu
4 7w o 7o o & a 7 4
deldlandumsmngia £ wazlandumsosasvia g WunuwFadu Giufedie
I Aa I 1 Aa { o w 4 @
Activation Function 1iuiFaudu) wazly L iflumanuianaiamasenmdeaed inseadnsia
o A o v t4 o = 9y A I Yo 1 = (% Y
oa TudAuuudnNauysaivziihmsisoudiie 19 Iaduala (Subspace) 1uiReInun1s 1%
(% . . . v A A v A 9 v v v
NanNN3U09 PCA (Principal Component Analysis) HHAaMsNANaoulinToudnsHiaon Tuua
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o o o Y o A I o
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(Principal Subspace) ¥o3toyaf IFHnaeU UBNINTIAT O ITHAOR TAN 1FWenFUns
9 o Y ] <3 " A 9 = ~ A 1
Whsva £ uagandumisneasid g Wueun bigudusglinnuansoimiiondn PCA lu
= 9 I @ 1A k) 8 . .
NILTYUI anuiluna Tduuy limadu (Nonlinear Generalization) (Goodfellow et al., 2016)
292 et luiRuuY Regularization (Regularization Autoencoders)
. . A o A a o @ w == ) [ = 9
Regularization ﬂﬂﬂWi‘]JTUL‘]JaEJuGlﬂ 9 VILiTTnﬂ‘]Jf‘]aﬂ@iﬂﬂﬁ?ﬁiﬂﬂ?ﬁﬁﬂug
(Learning Algorithm) edoansnazanaNnuAanalauuun i (Generalization Error) e
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A Y % o . =2 Y @ J A o v A
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v 9

MNANNTINTD (Capacity) VoIdutsHaazalneasa lasldanududouveoimsnszae
H 9 1
(Complexity of Distribution) N151804mM 33z a319T1Aa AHULNUNIZIINAANNAINTOVDS
Y Yaa v Ao Y A 9 Y o A . ?Lll
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ﬂ'NiJﬁTJJ”I'iﬂiuﬂTﬁVﬂﬁ%uW@uV!@hl‘ﬂL‘]_IHLEIWGW!@LL‘VIH ﬂﬂlﬁﬂ\lﬂﬁﬁu ] ANNA LBU NITUNU
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A < v 4 Y
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5UNIU (Denoise Autoencoder) AT 0TI Tagen TuafauuUmILIg (Sparse Autoencoder)
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uanaanueen 1

2.10  MIAzeRYsznouvan (Principal Component Analysis, PCA)

I~ A Aq Yo [ J [ . .
PCA Humatianlydmsunmsniesnlsenounan (Principal Components) 910%A

) Y

doyaniau aremsulasioyaluszuuning (Coordinate System) tau 1ogluszunnnalmi

A o 1AA o Aan A ) . Y 1 o aa 9
nsodudiley (Subspace) Gl‘Vill‘I/llﬁﬂil’JiﬂJﬁ (¥19991UIU Variables) UDYNIVTUIUNAVDIVDYA

¥ 9

1 Aa o 1 g’; 1 4 o A Y = 1
ANA U Tﬂmmazuﬂu”lmzuuwﬂﬂGl,‘wuummmmazmﬂﬂizﬂauwaﬂ‘n‘lﬂ HALUAQ S

]
v A o

4 g’; [} [ J o a 4
paAdszaeuvani lanuey lifanudusiusnulunuu®adu (Linearly Uncorrelated) 1o

o oA & A J 1

p v o 44 e ,
94RsznRUNANAIAUNH I (UAUNKI) AoosRlsznaunTAInNuNs1sIu (Variance) g4
= . 9 ¥ v @ 1 J o < =
NgAINMT Projected  F0YAAIAUAIVULNUAINGTD Hazosnlsznovda q TUAvzlianw
] ] 9 i
ussauaanaunuliamdidy 319 2.66 anA10619M13 Projected Toyansduifednu (ie

9 4 Yy an o v o w A &R Ay YA ~ =<
ﬂlamﬁamﬂmﬂu 2 U ANUUUDURANTDILNU IﬂEJLLﬂUWaﬂa']ﬂ‘UVIWUQVIUlﬂﬂ@ETJVI 2.66(a) %
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< o A o . a 1
hunuvaniiietdeyaninuau Projected asuuunuaInaudufamnuulslsm
910013 Projected  gafiga (ArnNunilsUsauiinsanvinanunievesrisvesgaign
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. o 1 A I v Aa 9 ] ~
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v Y IS

9
Projected mummuwaﬂummumqﬂmﬂﬂ?@yjamﬁ’u@mﬂu LLE‘WN’JWflﬂWﬂ’J"IiJLL‘]JTL]i’Juf!}ﬂEJ

{ ¥ v v v a

A v ¥ A Y 3 Aa N P} A A A aa d
V]fjﬂ ﬂquulluﬂﬁﬂ!ﬂﬂ]@y‘a@\i@ulﬂu 2 UR ﬂ’]@@\iﬂqﬁaﬂN@m@qm@yjalwaf’)iw&\iﬂuqu@ f
9

A

o J o A : { 9 o
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v
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(b) snunannimanuulssiudesnga

: ady ) ¥ v

(2 ' o < aa {
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v { ) o ! v Ia [ v
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g I o ] 4
ununsnuwlasdeyansduliiudoyaluduanlslni o pel  lugdunuunuves
J v A R s o A o w J A
paflszneunanNviiaNay pe2 unuunuvedednlszneunaniadeIn a1y aauzln
[ Y I A a éj 1 Aaa 1 . 9 2
2.67(c) drunnuaaslimiuanuulslsunnavunnuaaziia (19ag variable) YoIUpyana
¥ ' Vg Aa X ' o v Y ax < v
au nazauaruiiuanuulsisiuiinatuannuaazesdilseneunanaieds PCA i la
1 ] 9 = 9 z:i [ g}, =KX A

NBIVOITOYA TULAY pel UANUNIININNGA AIUULNY pel IRAIANULI 5590110
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-10 T T T 1
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(a) (b)

10 5 o] 5 10
D
-10 - 0 5 10
T I = I 1
-10 -5 0] 5 10
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v ¥ v

71 2.67 M3 pea 11 Tunsdindoyansdudlu 3 1@ (Power, 2019)
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v 9
TUABUVDY PCA LULWIATTIUDT L0 Ianane TiT
1% = 9
1) InuessuIBya:
—  Center the Data: 1151171 Mean Y039 03ya lun@aziia (1aaz Variable) 11
1A . £ A F o 99 A
aV0ONIINANUANVO Variable UU 9 NuAsumslvivoyalian1 Mean
I
Alugud
) g ' Y q9a . . v
—  Scale the Data: mﬂamagamﬂmu@muﬂeuwuﬂmﬂu Unit Variance A8
7151171 SD (Standard Deviation) U®4UAAY Variable 31M150UA1YDY
Variable 1A
2) fA1UIW Covariance Matrix
3) AU Eigenvectors 11a% Eigenvalues 911 Covariance Matrix g
A s o s o A o w . A
4) 1@eneeRlsznouvidn: 8eAlIzneUNANIZYNIABNIINAIALUVD Eigenvectors 1
1@u191nn13101 Eigenvalues 1iFo9d 190910110 1 1os Tagiaenii1 Eigenvectors
(2 Y o . A A I % o Aana
d #sn1d1% Fruauvead Eigenvectors Nidenaziludiveniiuiuifves
aoyaluduanlalmi)
o ' Y 1 2 @ (]
5) muruavedteyaunazad ludualesu:
o a2 4 . 1
—  MNT Transpose LWNINKUBI d Eigenvectors: 19 rows unuaag

Eigenvectors

)

o a 4 9 I 1 .
— 13 Transpose N3 NFvoIgAToyanIaY: 1 rows HunAag Variable
1182 column YoyauAaz )

1 9 ] n Y o a o Y 9 a o g’; o
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2.11  1935931NANDIINDHY U (Support Vector Machine, SVM)
A 4 j‘ A I a 9 A o Yo [
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o a 4 . . @ 3 .
muuﬂ%’agauazmi:}miwwmsaﬂaﬂﬂ (Regression Analysis) QﬂWWUW%HTﬂ& Vapnik (1995)
: I { L ¥ o {3 Aa (] a a
FuuTweatawisodszgnaly lanenudymnduuoudadunas hidlhwdadu nuda
vanvedluaa SVM Aensaiielanlefimaumsutisuenimanz auiiga (Optimal Separating
§ 3 ! . . . o I aa
Hyperplane) tWoswundoyaoonilu 2 nqu (Binary Classification) WuAod1doyaiilu 2 §a
o A I { { 1 aad o oA I
waansh laain SVM azitluduaseimunzaunga uadidoya 3 Savuliwadnsn ldvziu

] { { { ] I J
FEUIUNSIUNLEN (Separatig Hyperplane) Mz auiganamisoniiavoyasomilu 2 nqu

laanaa



90

(1) SVM éwisumsdwunveyaniunuuiady
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TviegluglunuvesnuanymzINsU FC, 1000
| featuresTrain |
F 1600x1000 single
1 2 3 4 5 [ T 8 9 10
1 -2.5306 -3.6267 -5,6575 -5.333 -1.1919 -34533 -0.7705 0.1016 -0.2912
2 -2.3654 -1.3609 -1.5086 -3.1686 -2.9223 0.7357 -2.7455 13134 3.0705 0.2241
3 -5.7942 -2.5527 -3.2668 -3.7691 -3.4453 -2.5437 -6.0693 1.7038 21179 -0.2964
4 -3.8222 -2.0022 -2.2799 -3.2082 -3.2701 -1.7519 -5.6041 03113 04323 -0.4081
5 -3.3515 -0.8790 -29719 -2.7901 -2.2570 41235 -1.1685 0.5807 0.8761 0.6275
6 -4.2183 -1.0677 -2.8280 -3.8014 -2.8547 0.2106 -2.0940 15635 1.9694 0.8955
7 -6.6546 -2.1150 -4.2649 -4.3143 -3.6154 -2.6601 -5.6967 21698 2.4600 -0.3064
8 -4,3366 -2.4854 -2.2893 -3.1619 -3.4367 -2.0860 -6.3082 0.5688 0.4686 -0.8582
9 -3.7928 -0.0470 -1.6360 -2.2496 -1.5840 2.1928 -0.7808 11308 0.2680 1.0667
10 -3.3998 -2.6588 -2.7338 -3.1907 -3.0744 1.1410 -3.3052 -0.3191 0.0416 0.8282
11 -5.3945 -1.9581 -3.0940 -3.5783 -3.6536 -1.6501 -4.3335 20417 2.8083 11827
12 -4.8421 -2.7160 -21512 -2.7908 -3.2305 -1.3764 -5.7903 0.5890 0.7092 -0.7355
13 -5.6045 -1.5737 -2.3690 -3.3571 -3.0428 -1.3596 -3.3693 2.0699 1.0468 29428
14 -5.0615 -2.1132 -1.4481 -4.2025 -3.4934 0.6577 -3371 1.2640 27611 0.4349
15 -5.4441 -2.2578 -26267 -3.6840 -3.4646 -1.1818 -4.5445 1.8628 3.0081 0.6592
16 -3.8333 -2.0145 -2.3100 -2.5457 -3.0747 -1.1200 -4.9069 05242 0.6285 -0.7505
17 -3.9420 -0.3347 -2.0147 -2.8945 -3.24% 1.2488 -1.1768 0.2030 -0.0038 2.2091
18 -3.5612 -1.5403 -2.5854 -3.5944 -24526 -0.4367 -3.8035 0.5165 1.8276 0.1030
19 -5.3134 -2.9151 -31238 -3.4063 -3.6532 -2.4274 -5.9477 1.7218 22177 -0.4110
20 -3.9649 -2.1882 -2.4279 -2.6079 -3.0403 -1.5885 -5.0708 0.7533 0.7878 -0.9045
A @ 1Y Ay v o 9 9 A A
M15199 3-2 Medtoyan lanannmsudastoyanmluganadeuningadoyain 2 NAny
9y 1 [ g}/
Tveglugiuuvvesgadnyugn¥u FC, 1000
| featuresTest |
FH 8001000 single
1 2 3 4 5 6 &G 8 9 10
i -0.3987 -2.8055 -3.7156 -16792 2.0015 -0.2784 01721 0.1980 -0.2419
2 -5.8870 -1.9240 -3.0033 -4.3899 -3.6185 -1.3856 -3.8326 1.8708 41115 -0.0803
3 -5.8280 -2.5953 -11689 -3.2728 -2.5519 -2.0029 -5.6915 -0.5079 14634 0.8873
4 -4.3343 -2.1658 -27191 -2.7841 -2.5055 -1.1252 -4.3685 0.0124 1.0881 -0.5915
5 -5.8895 -0.9645 -2.7541 -3.6317 -2.2409 0.09832 -2.1991 26386 2.3525 19726
6 -1.67211 -2.2101 -21368 -2.8831 -3.1660 20199 -1.6879 -0.8487 0.8337 -1.7489
7 -4.6940 -2.3744 -3.2581 -3.3366 -2.8185 -0.9215 -5.6861 0.3485 1.5493 -1.0280
8 -4.8269 -2.3681 -20720 -2.8301 -2.5310 -2.381 -6.2622 -0.5718 0.4186 -0.5916
9 -5.6866 -0.7174 -2.7380 -4.3251 -3.5292 -0.7783 -3.6426 18715 1.2062 1.6387
10 -6.3785 -2.0852 -3.2085 -5.0084 -4,3437 -1.3904 -4,2290 1.8105 2.6811 0.3699
11 -5.8157 -2.9582 -3.2528 -4.2322 -3.4287 -2.6936 -5.7688 1.0587 2.3899 -1.2065
12 -4,7824 -2.2380 -2.0984 -3.4577 -2.5094 -1.7672 -4.7100 06471 21794 -0.5199
13 -1.8220 -11981 -2.6655 -4.4657 -3.4580 -1.9818 -2.7718 35351 2.5625 27398
14 -6.6659 -2.4155 -2.5888 -5.3887 -3.8764 -2.9836 -5.0182 2.8673 32531 0.0412
15 -5.7520 -2.7687 -3.4936 -4,1193 -3.5113 -2.1369 -5.8433 12712 24679 -1.0003
16 -5.4489 -2.4002 -23731 -3.7606 -31185 -2.5977 -6.1124 -0.8695 0.3959 -0.8791
17 -4,9538 -1.7540 -1.1067 -2.3160 -1.3728 -1.7179 -1.9967 3.0695 1.5038 48131
18 -6.4229 -1.5902 -0.8981 -4.7090 -2.3441 -0.6793 -2.7754 2.9061 3.3187 0.7987
19 -5.7515 -3.2566 -3.0541 -4.2776 -3.2960 -2.4868 -5.5665 1.3760 2.2813 -0.8742
20 -5.0475 -1.9158 -3.0588 -3.8685 -2.2492 -0.8131 -4.4148 1.2840 24783 -0.6746
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| featureslT
[ 45%800 deuble
1 2 3 4 5 [ 7 8 L) 10

T 0.0410 0.2790 0.4889 0.4768 0.079% 01071 0.5777 0.4858 0.0648 0.1899
2 0.5388 01369 0.1060 0.0759 0.2573 0.1609 0.1182 0.0436 04025 0.2191
3 0.0462 0.0379 0.0245 0.0150 0.0556 0.0843 0.0202 0.0211 0.0399 0.0344
4 0.0461 0.0447 0.0530 0.1449 0.0502 0.0447 0.0593 01030 0.0489 0.0685
5 0.2637 0.0622 0.0600 0.0289 01176 0.0333 0.0292 0.0620 01623 0.0615
6 0.0916 0.0607 0.3603 0.0315 0.0887 04263 0.0430 01958 0.0409 0.0723
7 01275 0.5509 0.4468 01939 0.2678 0.2611 0.3583 0.2923 0.3315 0.6600
8 0.2319 01402 01331 0.2660 01947 0.2722 01211 01399 0.2546 0.1883
9 0.0477 0.3408 0.5426 0.7852 01538 0.4426 0.7994 09055 0.2081 0.2614
10 0.2287 0.5100 03177 01219 03321 0.3601 0.2426 0.0742 03341 0.6021
11 0.0356 01269 0.1009 0.1165 01253 01503 0.0806 01281 01366 0.0947
12 0.0537 03532 0.7565 0.8490 0.0965 0.0860 0.7838 09231 0.0870 0.3939
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19 0.3050 01598 0.0593 0.1080 01792 0.2075 0.0665 0.0377 0.2118 0.1673
20 0.1950 01594 01309 0.2271 0.3145 014386 01532 0.0704 0.2594 0.1829
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A= ao A ~ Y <3 ' y a . . Aa A 2
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Y A 1A . Ay A a A '
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A91U ResNet101 H9UANNANNINAIN AlexNet 1482 GoogleNet ¥1n9% Time Complexity
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@081 16 ResNet101 NI1451191 Parameters 11108071 AlexNet 110

1 Y 1
A15199 4-16 A10819M5HTUTIUIY Parameters NIUANADI14 11 AlexNet (Anwar, 2019)

AlexNet Network - Structural Details
Input Output Layer |Stride| Pad [Kernel size| in | out | # of Param
2271227 3 [55]|55] 96 |[convl 4 0 11 | 11 3 96 34944
55 |55 196 |27[27]| 96 |maxpooll| 2 0 3 3 96 [ 96 0
27 | 27 196 |27[27]|256 |conv2 1 2 5 5 96 | 256 614656
27 | 27 |256(13[13]|256 |maxpool2| 2 0 3 3 [ 256 | 256 0
13 | 13 |256(13]13|384 |conv3 1 1 3 3 [ 256|384 885120
13 | 13 |384]13]13|384 |conv4 1 1 3 3 | 384|384 1327488
13 | 13 |384(13[13|256 |convh 1 1 3 3 | 384 | 256 884992
13 |13 1256] 6 | 6 [256 |maxpool5| 2 0 3 3 | 256 | 256 0
fc6 1 1 [9216[4096| 37752832
fc7 1 1 [4096[4096] 16781312
fc8 1 1 [4096[1000] 4097000
Total 62,378,344
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UG (Anwar, 2019; Zagoruyko and Komodakis, 2019; He, et al., 2015)

Model Depth # of Parameters # of FLOPs
AlexNet 8 62M (Million) 1.5B (Billion)
GoogleNet 22 6.4M 2.0B
ResNet101 101 44.5M 7.6B
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Abstract— Technology progress in computer and internet
incorporate to the data acquisition technology can be supported
many line of works in construction management system. For
automatic construction progress monitoring task, there
inevitability involves the evaluating part according to the
construction material usage. Thereby, automatic process for
classifying the difference between each of construction material
from an image is necessary in the preliminary procedure. The
best of the correctness in classifying of material categories
resulted for the best of the preciseness in evaluating of the
progress in the further procedures., In this work, therefore, we
investigate on the classification of construction material image by
using the state of the art technique in deep leaning, which is
convolution neural network (CNN). Our proposed work explores
in diversified practical aspects of CNN applied for construction
material images dataset. Both of transfer learning from CNN
public pre-trained architecture and the generating of self-train
CNN architecture are investigated. Experiment conducts on
three prominent classes of construction material, which are
brick, wood, and concrete. The result reveals the best practical
scheme is the transfer learning aspect by fine-tuning of the pre-
trained architecture to the studied dataset. It exposes in 94.17%
of classification accuracy.

Index Terms—Classification; Construction Material; Deep
Learning; Convolution Neural Network (CNN).

I. INTRODUCTION

Achievement in management and controlling of modern-day
construction project require extremely in planning and
handling. Entirely construction projects have the restriction in
time, cost and the quality of work. Early know of any problem
during the construction process, the problem can be solved in
time. As a result, quickly and timely in evaluating and solving
each of the construction task are very important in controlling
the project status. Because construction project is the
continuous process, a bit in delay may damage a lot.
Automatic construction progress monitoring 1s. consequently.
a major required task I modern construction project
management.

Most of nowadays construction progress monitoring use
manual assessment even for the large project. By such method,
human are mainly done in monitoring and evaluating of the
progress. Certainly, high degree of error and be tardy [1].
Moreover, Mccullouch [2] reported that by monitoring and

evaluating of the progress manually, project manager wasted
of the time around 30-50% of the whole time for recording
and analyzing the site data. Such time should be used for the
others more essential works. Semi-automatic or automatic in
construction progress monitoring at present day. therefore.
mvasively explore by both researcher groups and construction
Investor groups.

The benefit from technology progress in computer and
mternet incorporate to the data acquisition technology can be
supported many of construction management tasks. From
surveying the data acquisition technologies used i the
application of BBB (Bridging BIM and Building, BIM:
Building Information Modeling) by Chen et al., [3] revealed
laser scanning was used by the most of surveying applications,
following by RFID and digital camera, respectively. RFID
was suitable for only using with steel and prefabricated
component materials because tag locations were needed to
install. Whereas, digital camera was low cost and very low
computing of information compared to laser scanning. It is a
generalize usage technology of which may use in CCTV,
smart phone. or installing on some kinds of unmanned aerial
vehicles such as drone. Acquisition information from digital
camera may collect in the form of image or video.

Both of the progress on computer and digital camera
technology, There are tentatively need to develop the potential
methods m extracting the useful information from image or
video. Therefore, digital image processing and computer
vision, at this moment, are the progressive research direction
i architecture, engineering, construction, and facilities
management (AEC/FM) [4]. Especially, mn construction
project management, digital 1mage processing and computer
vision can support in many of individual task. For automatic
construction progress monitoring task, there inevitability
mvolves the evaluating part according to the construction
material usage. Thereby, automatic process for classifying the
difference between each of construction material 1s necessary
in the preliminary procedure. Acquisition information for the
difference of each material must be done solely by camera
because information from laser scanning could not indicate the
difference among materials [5]. Whereas, information from
RFID 1s very restriction from which it could be used for only
some materials and need to invest more on attaching tag
position. Besides, it 1s burdensome in managing such tag



through the construction site environment that change all the
time [6].

As a result. acquisition information about the material
difference from the construction site must be taken by camera.
Such information is then extracting by some kind of methods
In image processing, computer vision or any others. Fially,
some of the suitable technique is used for classifying such
extracted material information. The result from the
classification step 1s the category of each material image
patch. Such material categories will further use in 1dentifying
of the material locations in a construction site image and
support for the evaluating of material usage in the task of
construction progress monitoring. Consequently, the best of
the correctness in classifying of material categories resulted
for the best of the preciseness in evaluating of the further
procedures.

In this work, therefore, we investigate on the classification
of construction material image by using the state of the art
technique in deep leaning, which is convolution neural
network (CNN). CNN 1s a novel technique in machine
learning that revealed remarkable results in various
applications especially for image information. Nevertheless, in
literature, CNN have not directly explored in diversified
practical aspects for construction material 1mages
classification.

II. LITERATURE REVIEW

The methods used for construction image classification can
be thought that it closed to or related to general material
classification [7] and texture classification tasks [8][9]. Of
which there exist many of outstanding methods proposed for
this fields. However, surveying by Dimitrov and Golparvar-
Fard [5] exposed when applied the methods used in general
material or texture classification to the construction material
images taken form the real construction site, the accuracy drop
from 90% to 70% and may be more than this for some dataset.
Because the nature of the construction materials. those are
difference in detail from the general material and texture. The
particularly methods suitable to the construction material
dataset are, therefore. need to be specifically explored.

In literature. the former of work involved the classification
of construction material image intended for the application of
material 1mage retrieval. Brilakis et al., [10] proposed
automatic method for material image retrieval using content
based. First, image 1s decomposed into color, texture. and
structure features by applying a series of filters. Then.
clustering 1s used to divide an 1mage into each region and
computed feature signature of each cluster by comparing with
knowledge database. In this work. Threshold is need for
dividing the intervals of feature signatures in knowledge
database. The resulted materials are identified in the original
image includes as the attributes before retrieving. Euclidean
distance is measures for comparing with images in database.
Experiments conducted on collection of 1025 images of which
grouped into 20 materials. The results were evaluated on the
graph of precision and recall. In 2010, Zhu and Brilakis [11]
considered machine-learning techniques for identifying
concrete material regions. By the method, image segmentation
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was first divided the construction site image into regions.
Then, color and texture features were used as visual features.
Such visual features were classified by Support Vector
Machine (SVM) compared to Artificial Neural Network
(ANN). The model was tramed with 114 of image samples
divided into 63 positive concrete and 51 negative concrete
samples. The validation was done on 167 samples. The
performance from ANN was better than SVM of which the
average of precision and recall were around 80%. Rashidi et
al., [4] studied an analogy between various machine-learning
techniques for detecting construction material of building. The
materials included concrete, red brick, and OSB (Oriented
Strand Board). The classifiers they studied are Multi-Layer
Perceptron (MLP), Radial Basis Function (RBF), and SVM.
This research used RGB histogram, HSV histogram, and
histogram of dominant edges as the features. They studied
each classifier in two-class problem classification that is target
and non-target class of materials. Experiments conducted on
750 1mages in total. It exposed SVM with RBF kernel could
classify with the best accuracy.

Ensemble classifiers were also explored for major
construction materials by Son et al., [12]. They investigated
the performance of six single classifiers and potential
ensemble classifies on three data set of concrete, steel, and
wood. In this work., voting based ensemble classifier was
created by six different types which are SVM. ANN,
Commercial version 4.5 (C4.5), Naive Bayes (NB), Logistic
regression (LR). and k-Nearest neighbors (KNN). Only three
features from HSI color space are used. The classification
results compared by measuring the accuracy, precision,
sensitivity, and average score values. Their proposed ensemble
classifier is significantly outperformed the single classifiers. In
2014, Dimitrov and Golparvar-Fard [5] proposed a vision-
based method for material classification for an image with
unknown viewpoint and site illumination conditions. They
modeled the material appearance by joint probability
distribution of response from a filter bank and principle HSV
color values and classified by SVM. The main technical
proposed in this work are: (1) a Bag of Words (BoW) pipeline
for forming statistical distributions: (2) a multiple binary SVM
classifier: and (3) a construction material library and
validation metrics. They created a new comprehensive
Construction Material Library (CML) comprised 20 major
construction material types with more than 150 images per
category. The evaluation performance measured by precision.
recall, and accuracy values. Overall, the average accuracy is
97.1% for 200x200 pixel image patches and 90.8% for 30x30
pixel image patches.

DeGol et al., [13] investigated on how 3D geometry
mformation could be used with 2D features for material image
classification. The studied 3D geometries are surface normal.
camera intrinsic and extrinsic parameters and the 2D features
are texture and color. Such 2D features were extracted by RFS
and MRS filter bank. fisher vector, HSV color. and CNN
feature from pre-trained VGG-M network. The classifier used
aone vs. all SVM scheme. In this work, they introduced a new
dataset named GeoMat which provide both image and
geometry data. The experiment consisted of various
combinations of 2D and 3D features. The highest overall
accuracy 1s 73.84% when surface normal 1s used incorporated



to fisher vector and CNN feature. In a case that considered
only 2D features, the combination of fisher vector and CNN
features got the highest accuracy of 68.92%.

Almost all the mentioned literature methods for material
image classification used the traditional scheme of machine
learning which based on feature-based methods. By this
scheme, hand-designed features must be determined and
extracted in the specific way before the classification process.
As a result, the automatic features extracted by some of deep
learning techniques did not yet directly investigated for the
construction material dataset. Although DeGol et al.. [13] used
CNN feature from a pre-trained CNN network in their work.
such CNN feature only explored incorporated to other features
m order to study about the important of 3D geometry. They
did not focus the studied directly to the feature trained from
CNN network for construction material dataset. In our work.
in order to explore the suitable applied methods of the state of
the art CNN network to the construction material dataset, we
investigate on diversified practical aspects of CNN network
for construction material images classification. Therefore,
both of the transfer learning from CNN public pre-trained
architecture and the generating of self-train CNN architecture
are investigated in our proposed work.
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III. CONVOLUTION NEURAL NETWORK (CNN)

A.  CNN Network

Deep learning technique named CNN is one kind of a
particular neural network that processing the data in form of
grid-like topology [14]. The name “Convolution Neural
Network™ tells this network use the convolution operation as
the major processing operation. Emerging of CNN came from
three of concepts, which are sparse interaction, parameter
sharing, and equivariant representation. Such concepts
transform to the network configuration depicts in Figure 1.
The network consists mainly of two process; feature learning
process and classification process. In feature learning process.
three of principle stages are used 1n order to learn and extract
the features from input, which are convolution stage follow by
ReLU (Rectified Linear Unit) stage and pooling stage. Such
many of these stages are consecutively used as layer-by-layer
aimed at automatically extracting the features in deep. The
features extracted from feature learning process will be further
used for the classification process of the Fully Connected (FC)
network as the traditional neural network manner. Finally,
softmax function 1s applied for the last layer of the network in
order to give the output in probability fashion.

Feature Leaming

Figure 1: Configuration of Convolution Neural Network

The convolution operation used in CNN network is in the
formed of 2D convolution with 3D input as shown in Figure 2.
Many filters of size k x k x D are used once at a time to
convolute with the 3D input of size W x H X D in a form of
sliding windows. The convolution result from one filter 1s one
of the feature map output. As a result, when N filters are
applied. the whole output from the convolution stage is the
stacks of N feature maps as depict in the right side of Figure
2. Thereby. the information in each layer of CNN feature-
learning process is viewed as the features in 3D.

Since the convolution is a linear operation, the results from
the convolution stage of CNN network will pass through a
non-linear ReLU function in order to extract the non-linear
property of the features. ReLU function 1s shown i Equation
1. The function converts all the negative values to zero where
keeps the others as the original.
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Figure 2: 2D Convolution with 3D Input using N Filters

The pooling stage of the network used for subsampling of
the data. After the pooling stage, the dimension of width (W)
and height (H) of the data will decrease. As shown in Figure
1, the width and height of cube in each pooling layer are
smaller. Difference of pooling size can be used. If use the
pooling size of 2 x 2,1t means only one value from four
values 1s selected as the subsampling value. Therefore, max
pooling, average pooling, or any others pooling types can be
applied to selected one subsampling value from such four
values.



The extracted features from the last layer of the feature
learning process will be arranged to vector data to be the input
of the classification process. In this process, some of FC layers
the same as traditional Multi-Layer Perceptron (MLP) are
used. For the last layer, softmax function 1s applied in order to
transform the output of the network to be the values in term of
probability. Softmax function is shown in Equation 2.
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where: S(y;) is the softmax result of each y;,
Y; 1s an output of each neuron i,
e”i is the exponential value of vector y,
and j is the component of vector y

B. CNN Pre-Trained Architecture

Although it was well known that the pioneer work of CNN
architecture is LeNet [15], the name CNN is very popular after
Krizhevsky et al., used AlexNet [16] for ImageNet Large-
Scale Visual Recognition Challenge (ILSVRC) in 2012. The
architecture details of AlexNet shows in Table 1. In total. it
used five of convolution layers, two of max pooling layers,
two of normalization layers. and three of FC layers.
Nowadays, pre-tramed architecture of AlexNet using
ImageNet dataset i1s public. Many applications applied this
pre-trained architecture to their tasks. In our work. we also
employ this architecture in the concept of transfer learning.

Table 1
Details of Each Layer in AlexNet [16]

L;zel Feature Maps  Layer Name Details
1 [227%227%3] INPUT
2 [55%55%96] CONV1 96 1111 filters, stride 4. pad 0
3 [27<27x96] MAXPOOLL  3+3 filters. stride 2
4 [27%27+96] NORM1 Normalization layer
5 [27%27%256] CONV2 256 55 filters, stride 1. pad 2
6 [13%13x256] MAXPOOL2  3+3 filters, stride 2
7 [13%13%256] NORM2 Normalization layer
8 [13x13%384] CONV3 384 33 filters, stride 1. pad 1
9 [13x13x384] CONV4 384 33 filters, stride 1. pad 1
10 [13%13%256] CONV5 256 33 filters. stride 1. pad 1
11 [676%256] MAXPOOL3  3x3 filters, stride 2
12 [4096] FC6 4096 neurons
13 [4096] FC7 4096 neurons
14 [1000] FC8 1000 neurons (class scores)

IV. RESEARCH METHODOLOGY

When we want to apply CNN network to our application
domain we can do in two different ways. The first is
generating the new CNN architecture appropriated to the
studied dataset. The second is applying some of the pre-
trained architectures trained from other dataset to the studied
dataset. The second way 1s known in the term “transfer
learning” [14]. By exploring in diversified practical aspects of
CNN for classifying the construction material images. In our
work, both of transfer learning from CNN public pre-trained
architecture and the generating of self-train CNN architecture
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are investigated. Therefore. overall of our proposed methods
are shown in Figure 3. Three schemes of the proposed
methods are applied and compared. Scheme P1 and P2 use
transfer learning from AlexNet pre-trained architecture. Pl is a
fixed feature extractor scheme and P2 1s a fine-tuning scheme.
For P3, we generate a new CNN architecture appropriated to
the studied material image dataset and name it as self-train
architecture.
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Figure 3: Proposed Methods

A. Transfer Learning of Pre-Trained CNN Architecture

Transfer learning is one of the very popular applied methods
for CNN in practice. Because training of CNN architecture
used quite a huge of computer resource. Besides, the training
data should be used as much as possible. Transfer leaning of
CNN can be divided into two scenarios, which are fixed
feature extractor and fine-tuning. For fixed feature extractor,
no need to retrain of the network. The feature trained by the
original dataset of the pre-trained network will directly apply
to the test set of an application task. In a case of fine-tuning,
we need to fine tune in some parts of the pre-trained network.
It means we need to retrain some layers of the pre-trained
network by our studied dataset in order to fine-tune the
network appropriated to a new dataset. In practice, always
fine-tune on some of the last layers where the early layers are
fixed.

For our proposed work, Pl in Figure 3 is the proposed
method when fixed feature extractor from AlexNet of layer
name “FC7” in Table 1 1s used as the feature. The studied
testing set. therefore. can directly transform to such feature
and classify by SVM. In P2, some of the last layers from the
pre-trained network are fine-tuning by the studied training set.
In our experiments, we fine-tune of the last three layers and
the last five layers of AlexNet in Table 1 for comparison. That
mean if fine-tuning is done for the last three layers, the layer
no. 12-14 of Table 1 will be retrained using the studied
training set. Where the parameters of the remaining layers are
fixed to be the values from the original pre-trained network.
Result from retraining in fine tune process is the fine-tuned
feature that can be used to classify the image in the test set.



B. Generating of Self-Train CNN Architecture

In our work, we also generate a new CNN architecture
directly trained on the studied training set of the construction
material. Feature extracted from the training process is self-
train feature and used for classifying the test set images. This
scheme 1s proposed as P3 i Figure 3. By this approach. the
appropriated hyperparameters of the generating CNN
architecture as shown in Table | are needed to consider.
Therefore, hyperparameters such as number of layers, layer
ordering, filter sizes or number of filters of each layer must be
identified and explored for the generating architecture.

V. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Results

In experiment. we use three classes of the prominent
materials, which are brick, wood, and concrete. There are the
public images in DeGol et al., [13] work. Example of an
image in each class shows in Figure 4. The left column is
brick, the middle 1s wood, and the right 1s concrete,
respectively. The training set consists of 400 images of each
class and the testing set 1s 200 images each. All images are
100x100 pixels resolution.

concrete
Figure 4: Example of an image in each class

Table 2 shows the accuracy from the experimental results
when all three of the proposed methods mentioned in Section
IV are experimented and compared. The result reveals the best
of the practical scheme is the transfer learning aspect by fine-
tuning of the pre-trained architecture. It exposes in 94.17% of
classification accuracy.

Table 2
Accuracy from the Experimental Results
Transfer Learning of - . §
Public Pre-Trained Architecture Sem{éﬁeﬁgﬁl? cure
Fixed Feature Exiractor Fine-Tuning €
88.67 % 94.17 % 70.17 %

B.  Discussion

Fine-tuning of the pre-trained architecture to the studied
dataset that propose in P2 scheme result in the highest
accuracy compared to the other practical aspects. It can be
informed that features of the construction materials are quite
related to the features of ImageNet dataset. Such 94.17 % 1s
the accuracy when we fine-tune the last three layer of
AlexNet. We also experiment on five last layers fine-tuning,
the accuracy result is less than when the fixed feature extractor
1s applied in scheme P1. For the self-train architecture, if some
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kind of heuristic search wuses to find the suitable

hyperparameters, the result could be improved.

VI. CONCLUSION

We investigate on the classification of construction material
image by using the state of the art CNN network. Both of
transfer learning from CNN public pre-trained architecture and
the generating of self-train CNN architecture are explored.
Three schemes of practical aspects when applied CNN for
construction  material images dataset are proposed,
experimented, and compared. Experiment conducts on three
classes of material, which are brick, wood and concrete. The
result reveals transfer learning by fine-tuning of the pre-
trained architecture to the studied dataset expose the best in
accuracy of 94.17%. The accuracy result may increase by
including other hand-designed features accomplish to CNN
teature for the future work.
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Evaluating on the Transfer Learning of CNN Architectures
to a Construction Material Image Classification Task

Supaporn Bunrit, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract—Various sub-tasks on modern construction
management system require automatic or semi-automatic
processes in handling the operation inside. Especially for
construction progress monitoring task, the automatic process in
classifying the difference of each construction material from an
image is necessary in the preliminary stage. The more the
preciseness in automatic classifying, the more the exactness in
assessment of each material had been used. Subsequently, the
progress of the construction can be evaluated with the highest
degree of reliability. As a result, classification of construction
material images is very essential process for automatic progress
monitoring. Whereas, the similarities in material image
appearances are the major classifying challenges. All most all
existing related works have Dbeen studied based on
hand-designed features of which the classified accuracy still not
much appreciated from different studied datasets. In our work,
automatic feature extracted method from the prominent
technique in deep learning, convolution neural network (CNN),
is proposed. The pre-trained CNN architectures of AlexNet and
GoogleNet are adopt with the task of construction material
images classification in the concept of transfer learning. Both of
fixed feature extractor and fine-tuning schemes of transfer
learning are technically implemented and evaluated. Analyzing
results from the two pre-trained architectures expose very
impressive and interesting circumstances to the studied dataset.
Entirely, fine-tuning scheme of GoogleNet reveals the highest
classification result by 95.50 percent of accuracy.

Index Terms—Convolution neural network (CNN), deep
learning, transfer learning, construction material, image
classification.

I. INTRODUCTION

At present, digital umage processing and computer vision
are the progressive research directions in architecture,
engineering, construction, and facilities management
(AEC/FM) [1]. Such directions when incorporate to the
advancement of machine learning techniques can be solved
for many tentative applications. In a field of construction
management, automatic or semi-automatic systems for
various sub-tasks are needed. Particularly for construction
task, classifying the
difference between the construction materials is essential 1
the preliminary procedure. Where source data of construction
materials must be acquired by camera in a form of image or
video cause, other technologies could not indicate the
difference among materials [2]. The useful information from

S 1 1 ks te 1
rogress monitoring automatic
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image or video, therefore, must be extracted and identified by
some efficient methods. As a result, in an application of
construction progress monitoring, the classification of
construction material from images must be as precise as
possible. In order that the subsequent steps in evaluating the
progress of the construction can perform with the highest
degree of reliability.

In literatures, the methods involved construction material
image classifications were studied based on hand-designed
features. Where the prominent algorithms in digital image
processing or computer vision were applied to extract the
expected features and the suitable classifier was selected to
classify such features. Therefore, the classification accuracy
depends on manual selection of the feature-extracted
algorithm. For our proposed work, automatic feature
extraction method by a novel CNN in deep learning
technique 1s employed. By the way, CNN based methods can
separate mnto two scenarios, which are learning from scratch
and transfer learning. In this work, we explore on the transfer
learning. Two of the difference pre-trained architectures
which are AlexNet [3] and GoogleNet [4] are technically
transferred to a construction material image classification
task. Both fixed feature extractor and fine-tuning schemes of
transfer learning are evaluated from such two architectures.

II. LITERATURE REVIEWS

Material images classification method initiatively studied
by Brilakis ef al., [5] in an application of material image
retrieval. A series of content-based filters were employed mn
such work to decompose an image nto color, texture, and
structure features. They used knowledge database to compare
the computed feature signature of each cluster after dividing
an 1mage into cluster region. The interval of each feature
signature was done by threshold and comparing was
measured by Euclidean distance. Zhu and Brilakis [6] also
considered machine-learning technmiques for identifying
concrete material regions. Firstly, segmentation was applied
to divide the construction site image into regions. Then,
visual features from color and texture were used to classify
by support vector machine (SVM) against artificial neural
network (ANN). Experiment revealed the performance from
ANN was better than SVM of which the average of precision
and recall were around 80%. In 2016, Rashidi et al., [1],
proposed an analogy between various machine-learning
techniques for detecting construction material of building.
The studied materials were concrete, red brick, and OSB
(Oriented Strand Board). The comparison classifiers were
multi-layer perceptron (MLP), radial basis function (RBF),
and SVM. Where RGB histogram, HSV histogram, and
histogram of dominant edges were extracted as the features.
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Experiments conducted based on two-class of problem
classification; target and non-target class of materials. The
best accuracy was from SVM with RBF kernel.

Son et al., [7] explored the performance of six classifiers
and the potential of ensemble classifies on three materials,
which are concrete, steel, and wood. Voting based ensemble
was created by six different classifiers which are SVM, ANN,
Commercial version 4.5 (C4.5), Naive Bayes (NB), Logistic
regression (LR), and k-Nearest neighbors (KNN). Three
values from HSI color space are used as features. The
accuracy, precision, sensitivity, and average score values
were measuring and comparing. The ensemble classifier was
significantly better than each single classifier. In 2014,
Dimitrov and Golparvar-Fard [2] technically proposed a bag
of words (BoW) pipeline for forming statistical distributions
of materials and multiples of binary SVM were used as the
classifiers. The material appearances were modeled by joint
probability distribution of response from a filter bank and
principle HSV color values. In this work, they also proposed
the prototype of the construction material library and the
validation metrics. 3D geometry information of materials
was Investigated incorporated to 2D features in a work of
DeGol et al., [8]. Considering features of 3D geometries were
surface normal, camera mtrinsic, and extrinsic parameters.
2D features were fisher vector, HSV color, and CNN feature
from pre-trained VGG-M network. A one vs. all SVM
scheme was used as the classifier. New dataset. which
provide both images and geometry data, had been public in
this work. They experimented on various combinations of 2D
and 3D features. The results revealed the combmation of
surface normal, fisher vector, and CNN feature got the
highest accuracy of which 73.84%. Whereas, when
considered only 2D features the best accuracy was 68.92%
from fisher vector incorporated to CNN feature.

All mentioned existing methods for the classification task
of material image were proposed based on hand-designed
features. That means the specific ways of the extracted
features must be 1dentified before the classification process.
For such methods, none of the automatic feature extracted
method such as deep learning technique has been directly
studied. Although DeGol ef al., [8] used CNN feature in their
work, such feature only explored incorporated to other

features in order to study about the important of 3D geometry.

They did not focus the studied in particular to CNN network
applying for construction material dataset. For our proposed
work, as a result, a new notable scenario of CNN based
method which 1s transfer learning 1s applied and evaluated for
material 1mage classification task. Two of pre-trained
architectures trained on ImageNet dataset (based task) are
explored in order to evaluate that 1f there are two
architectures pre-trained on the same based task, which one 1s
suitable to our task specific (construction material dataset).
We select the two distinct pre-trained architectures of which
both differences in deep and in their layer details; AlexNet
and GoogleNet.

III. THEORIES

A. Convolution Neural Networks (CNNs)
CNN is a particular neural network model of which the

convolution is employed as a key operation in a network.
The network for classification task can separate into feature
learning process and classification process as shows in Fig. 1.
In feature learning process, three principles of stage are used
in order to learn and extract the features from input, which are
convolution stage follow by nonlinearity stage using rectified
linear unit function (ReLU) and subsampling stage name by
pooling. Such many of these stages are consecutively used as
layer-by-layer aimed at automatically extracting the features
in deep. Therefore, each of stage may views as each of a layer
in the network. The features learned by feature learning
process will further send forward to the classification process
where the fully connected (FC) manner as the traditional
multilayer perceptron (MLP) is used. Finally, softmax
function is employed for a layer before output layer in order
to gain the output in a probability fashion. The layer details of
a network shows in Fig. | is an architecture of AlexNet that
won on ImageNet Large-Scale Visual Recognition Challenge
(ILSVRC) 2012. Tt views as an architecture that consists of
eight weighted layers (when count only the layers that has
weights to be adapted). If count all of the detailed layers, it
can separate into 25 consecutive layers shows on the right
side of Fig. 1.

Layer : Details

Input 1:227x227x3
convl 2:11 x 11 x 3 (196) [S:4, P:0]
relul 3
norm1 4 : 5 channels
pooll 5: 3 x 3 max [S:2, P:0]
v
conv2 6:5x5x 48 (256) [S:1, P:0]
reluz 7
normz2 8: 5 channels
pool2 9 : 3 x 3 max [S:2, P:0]
v
10 : 3 x 3 x 256 (384) [S:4, P:1]
4 u
& )
3 1213 x 3 x 192 (384) [S:4, P:1]
v 13
5 T
- v
& onvs 1413 x 3 x 192 (256) [S:1, P:1)
relus. 15,
pool§ 16 : 3 x 3 max [$:2, P:0]
v
W] 17:4096 FC
relué 18
dropé 19 : 50% dropout
v
fe7 20 : 4096 FC
relu? 21
drop7 22 : 50% dropout
= v
5| DR =0
=4
8
= 24 : Softmax
7
5
UL Output 25 : 1000 Class scores

Fig. 1. CNN architecture details. Example of AlexNet [3] trained on
ImageNet dataset.

Each convolution layer of CNN use many filters of size
kD to convolute with the incoming input in the formed of
2D convolution with 3D input as shown in Fig. 2(a). Such
filters are used once at a time to convolute with the 3D input
of size WxHxD 1n a form of shiding windows. Therefore, an
mput 1image of RGB color will has D equal to three from
three-color channel of R, G, and B. The convolution result
from one filter is one of the feature map output. As a result,
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when N filters are employed, total output from a convolution
stage is the stacks of N feature maps as depict Fig. 2(b).
Actually the output from convolution may result in negative
values, in Fig. 2(b) shows the values when ReLU function is
already applied. Because convolution 1s a linear operation,
the results from the convolution stage of CNN network will
pass through a non-linear ReL'U function in order to extract
the non-linear property of the features. ReLU function is
shown in (1). The function converts all the negative values to
zero where keeps the others as the original.

¢(x) = max(0, x) D

Another key operation in CNN i1s pooling. These stage uses
for subsampling to the previous stage data. After pooling, the
dimension of width (W) and height (H) of the data will
decrease. Fig. 2(c) shows an example of pooling operation
when subsampling of the data by windows size of 3 X 3 and
stride (slide to the right or to the bottom) by two positions. Its
mean only one value from nine values is selected as the
subsampling value. Thereby, average pooling, max pooling,
or any others pooling types can be used to select one
subsampling value from such nine values. Fig. 2(d) is the
results after max pooling 1s applied to the 3 X 3 windows of
the region marked in Fig. 2(c). After pooling stage, as a result,
the width and height of the feature map are smaller.

Feature Map

Input

w
(a). Tensor input and filters (weight)

(b). Example of feature map output
after applies “conv” with N filters
follows by “relu”.

Feature Map Feature Map

(¢). 3x3 pooling with stride 2 (S:2).

(d). Result after applies “pool” with
3%3 max to location in figure c.
Fig. 2. The operations in major layers of CNN.

In feature learning process, many layers consisting of the
convolution (conv), nonlinearity by ReLU (relu), and pooling
(pool) stages are consecutively arranged to form a network.
Some other stages may include such as in AlexNet shown in
Fig. 1, the stage of normalization (norn) and dropout (drop)
are also used.

For the classification process, some of fully connected
layers (fc) are used mn order to classify the extracted features
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from the last layer of the feature learning process. For the last
layer of CNN before output, softmax function is employed to
transform the output of the network to be the values in term of
probability. Softmax function shows in (2).

exp’i

S)=—/——
) Z;ﬂeXpyj

(€]

where
(y;) : the softmax result of each y;,
y; :an output of each i,
exp”i : the exponential value of y;,
and j : the component of vector y

B. CNN Based Methods

When we want to apply CNN network to our application
domain we can do in two different CNN based methods show
in Fig. 3. The first method knows in term “learning from
scratch” when the CNN network that appropriated to the
studied dataset (task specific dataset) are generated and fully
train on such dataset. The second method is the transferring
of knowledge (in term of weight and bias values) from some
of the pre-trained architectures trained by other dataset
(based task). Such knowledge from pre-trained architecture 1s
transferred to the task specific dataset. For this way knows in
the term ““transfer learning” [9]. Transfer learning of
knowledge can also apply by two schemes of which fixed
feature extractor and fine-tuning depicted in Fig. 3. Fixed
feature extractor directly uses the pre-trained weights and
bias transferred to a task specific by no need to retain the
network. Opposite to the fine-tuning, the network must be
retrain on some parts of a network using a task specific
dataset with weights and bias initialized from transferring
pre-trained weights and bias.

‘ Learning from Scratch

CNNBased | |
Methods ‘

Fixed Feature
Extractor

Transfer
Learning

Fine - Tuning
Fig. 3. CNN based methods.

C. CNN Pre-trained Architectures

The name of CNN has been well known since 2012
ImageNet Large-Scale Visual Recognition Challenge
(ILSVRC 2012) when CNN Architecture of AlexNet [3] by
Krizhevsky et al., won the competition. Since then,
year-by-year different deep learning architectures of CNN
still were the winner of ILSVRC. There were ZF Net [10] n
2013, GoogleNet mn 2014 [4], and ResNet in 2015 [11],
respectively. After that, deeper and deeper architectures are
proposed by the combination of GoogleNet and ResNet
concepts. It has been known in machine learning community
that fully trains of CNN network to a task specific dataset
needs huge of computer resources and take time. Most of all,
dataset size must effect to the performance. By the reasons,
transfer of learning approach has been come up and many of
well-known CNN pre-trained architectures are public.

In this research, two of pre-trained architectures trained on
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based task of ImageNet dataset are explored. We select the
two distinct pre-trained architectures of which both
differences in deep and in their layer details; AlexNet and
GoogleNet. Such architectures are public as the pre-trained
networks with natural images in ImageNet dataset. Both were
per-trained by around 1.2M images of 1000 classes of
everyday used images. Architecture detailled of each
explained as follow:

AlexNet

The architecture details of AlexNet already shown in Fig. 1.
In total, it used five of convolution (conv) layers, two of max
pooling (pool) layers, two of normalization (norm) layers,
and three of fully connected (fc) layers. Nowadays,
pre-trained architecture of AlexNet using ImageNet dataset is
public and transfers to many application domains.
GoogleNet

In 2014, Szegegy er al., from Google research term
developed architecture of CNN shown in Fig. 4 for ILSVRC
2014 and won the competition. The network quite deeper
than AlexNet of which view as consisting of 22 weighted
layers. They proposed a network under an improvement on
the calculation resources. The efficient of a network came
from both wider and deeper by incorporating nine modules of
“mception module” on some parts of a network as shows in
Fig. 4(a). Details of each inception module are in Fig. 4(b).
Only small filter size of 1 x 1,3 X 3, and 5 X 5 are used n
the module. Each block in a module can do in parallel and the
results from all blocks are concatenated to be inception
module output send to the next layer.

Input
|

convl 7x7 S2
relu

pooll 3x3 S2
norm1

conv2 3x3 reduce
relu

conv2 3x3

relu

norm2

pool2 3x3 52

Inception 3a

Inception 3b

pool3 3x3 52

Inception 4a

A 4

Inception 4b
v
Inception 4c
Inception 4d

Inception de

poold 3x3 52

Inception 5a

e conv ix1
® relu

conv 3x3 reduce
relu

conv 3x3

relu

Inception
Module

conv 5x5 redule
relu

conv 5x5

relu

Output

Inception 5b

pool5 7x7 52
dropout
loss3 classifier

e e o o

pool
pool proj
relu

prob

Qutput

Fig. 4. Pre-trained GoogleNet [4] architecture trained on ImageNet
dataset.

If the architecture of GoogleNet is pictured as AlexNet in

204

Fig. 1 it will consist of around 144 detailed layers. Therefore,
its architecture 1s more complex both in deep and in details.

IV. PROPOSED METHOD

A. Contributions

Our research 1s the first work that directly explore about
transferring the pre-trained CNN architecture to a task
specific on construction material 1mages classification.
Under our study, transfer-learning scenario of CNN based
method is technically adopts in order to evaluate as follow:
1) If there are two of CNN architectures pre-trained on the

same based-task. which one i1s the most suitable for

transferring to our task specific?

For fixed featured extractor scheme, related works (from

many task specifics) always explore just the feature from

the last layer of feature learning. Is it can reveal any
interesting result if we explore and evaluate on other
learned features from the intermediated layers?

For fine-tuning scheme, what are the suitable important

parameters selected for each pre-trained architecture?

Such parameters must use to retrain in the fine-tuning

process, e.g. learning rate, size of mini-batch, and

number of epoch.

Can the transfer learning from the explored pre-trained

CNN architectures achieve an attractive result to our task

specific?

Under the evaluation according to our contribution, the
two architectures we select to study are AlexNet depicted in
Fig. | and GoogleNet shown in Fig. 4. These two distinct
pre-trained architectures are difference in their deep and their
layer details. Both pre-trained on the same based-task, which
1s consisting of around 1.2M 1mages of 1000 classes from
ImageNet dataset.

[95]

4)

B. Transfer Learning by Fixed Feature Extractor

Fixed feature extractor scheme 1s a method that the
transferred weights and bias from the pre-trained architecture
are directly used for the classification process by no need to
retrain the network with the training set of the task specific
data set. That mean, the task specific data can directly
transform to the pre-trained features and any classifier can
further classify such transformed features related to the target
class of the task specific dataset.

Our study task specific dataset of construction material
image, there consist three classes of materials, which are
brick, concrete, and wood. In order to evaluate the
performance of fixed feature extractor, we use support vector
machine (SVM) as a classifier. According to the contribution
number two mentions previously, instead of explore only the
last layer of feature learning process as done on most works,
we investigate on many of intermediated featured layers.

C. Transfer Learning by Fine-Tuning
In order to fine-tuning the pre-trained architecture to a task
specific dataset, we can implement by retraining some part of
the pre-trained network with the training set of the task
specified dataset. Fine-tuning process use the following
steps:
1) Replace the output layer of a pre-trained architecture to
match the number of target class exist on the studied
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dataset. Therefore, fine-tuning of AlexNet and
GoogleNet to our studied dataset, output layer in Fig. |
and Fig. 4 must be changed from 1000 class scores to 3
classes scores (because our studied dataset has 3 target
classes). As a result, our fine-tuning network has only
three output neurons.

2) Set the initial values of all weights and bias for part of
the fine-tuning network with the transferred pre-trained
weights and bias.

3) Set the training parameters of CNN, which are learning
rate, mini-batch size, number of epoch or number of
iteration to be learned. This may include the momentum
and regularization parameters.

4) Train the fine-tuning network with the training set of the
task specified dataset.

5) Evaluate the fine-tuning performance by the testing set
of the task specified dataset.

The suitable important parameters used in step 3 above
come from the stochastic gradient descent (SGD)

optimization algorithm used in CNN learning. Equation 3 [12]

expresses the empirical loss with regularization term we want
to mimimize. Such minimization is done by the training
samples (X;,Y; )iz, to estimate the parameters 6 (all
weights and bias).

1 n
La(0) =) 1 (X, 6),1) + 22(0) ®
i=1

n -

where,

L, (6) : the empirical loss,

I(f(X;,0),Y;) : the loss function,

and A02(0) : the regularization term

In order to minimize L, (f) m (3), stochastic gradient
descent algorithm 1s used. Such algorithm performs by
adapting the parameters 6 as (4).

Ok = g% — £ 3, [V, 1(f (Xp, 0),Y) + A, 2(0)] ()

where, k: iteration number, €: leaning rate, m : mini-batch

size, B : samples 1n each mini-batch, and Vg gradient of 6.
According to (4), when train CNN network, the gradient

for the loss function do not compute at each iteration, but

only on a set B. Where size of B equal to mini-batch size (m).

This procedure called mini-batch learning, which is an
approach always use i deep learning algorithms including
CNN. Therefore, the important parameter in (4) needed to set
1s leaning rate, mini-batch size, and total numbers of epoch,
where one epoch counted for a pass of all samples to the
network. In our work, these parameters are observed based on
empirical experiments.

V. EXPERIMENTAL RESULTS AND DISCUSSIONS
A. Data Sets

Task specific dataset use in this study consists of three
prominent classes of material image, which are brick, wood,
and concrete. There are parts of the public images in a work
of DeGol et al., [8]. Examples of some images in each class
show in Fig. 5. The left column is brick, the middle is

205

concrete, and the right is wood, respectively. All images are
100x100 pixels resolution. The training set consists of 400
images of per class and the testing set is 200 images per class.

wood
Fig. 5. Examples of some images in each class.

brick concrete

B. Experimental Results
1) Fixed feature extractor

Following our contributions mentioned in part 4 of Section
IV, we set the experiments related to such contributions.
Table I shows the result of fixed feature extractor from
AlexNet when we mvestigate on many of intermediated
layers. Most research of many application tasks always used
the feature from layer “fc7” marked by underline. For our
work, feature from such layer reveal a bit poor result compare
to the others. The highest classification accuracy is form the
feature in layer “pool5” with 91.83% of accuracy labeled by
bold font of Table 1.

TABLEI: CLASSIFICATION ACCURACY USING FIXED FEATURE EXTRACTOR
OF ALEXNET FROM DIFFERENCE LAYERS (LAYER NAME REFER TO FIG. 1)

Extracted Aceuracy Extracted Accuracy
Feature from . Feature from o
Layer (%) Layer (%)
conv4 70.83 fc6 91.17
relud 87.33 drop6 91.17
convs 91.00 fe7 89.67
relu3 91.50 relu? 90.67
pools 91.83 drop7 90.67
fc6 91.67 fe8 87.50

Table 1T are the results from GoogleNet when experiment
on fixed feature extractor scheme. Most research used the
feature from layer “loss3” marked by underline. Nevertheless,
for our task, such layer exposes very poor result compare to
the layer “Inception5a” marked by bold font. Pre-trained
feature from InceptionSa layer get 92.33% of classification
accuracy.

TABLE II: CLASSIFICATION ACCURACY USING FIXED FEATURE
EXTRACTOR OF GOOGLENET FROM DIFFERENCE LAYERS (LAYER NAME
REFER TO F1G. 4)

Extracted Accuracy Extracted Accuracy

Feature from Feature from

Layer (%) Layer (%)
Inception3a 79.17 Inceptionde 92.00
Inception3a 79.67 poold 91.33

pool3 87.33 InceptionSa 92.33
Inceptionda 86.33 Inception5b 90.17
Inceptiondb 89.17 pools 91.17
Inceptionde 89.50 dropout 91.17
Inceptiondd 92.00 loss3 86.17
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2) Fine-tuning

The experiments on fine-tuning scheme are conducted
based on the parameters setting for each architecture
according to Table III. Such parameters are observed based
on an empirical experiments follow a work in [13]. Highest
classification accuracy from the test set data are got when use
parameters shown in Table III. Besides, both architectures we
set the momentum term to be 0.9 and the regularization term

compare for both architectures. Entirely, fine-tuning scheme
of GoogleNet exposes the best classification accuracy of
which 95.5%. After fine-tuning, the performance from both
architectures are mmproved. Where, the performance from
GoogleNet improves higher than AlexNet around 0.5%.

TABLE IV: OVERALL TRANSFER LEARNING RESULTS FROM BOTH
PRE-TRAINED ARCHITECTURES

Improvement atter

to be 0.5. As such, we are fine-tuning the network by the  Atchitecture Accuracy fine-tuning
stochastic gradient descent with momentum (SGDM) j.oner
algorithm. Fixed Featured Extractor 91.83 NA
Fine-tuning 94.50 2.67%
TABLE III: PARAMETERS SETTING IN FINE-TUNING PROCESS OF BoTH N
ARCHITECTURES GoogleNet
Fixed Featured Extractor 92.33 NA
Architecture Learnming rate Mini-batch size No. of epoch Fine-tuning 95.50 3.17%
AlexNet 0.0001 5 20
GoogleNet 0.0001 5 15 C. Evaluations and Discussions

After fine-tuning, the performance of both AlexNet and
GoogleNet are improved when compared to the fixed feature
extractor scheme. Fig. 6 shows the results from AlexNet by
using confusion matrix. In total, the test set consists of 600
1mages from three classes. There are 200 image or 33.33
for each class. Overall accuracy from AlexNet fine-tuning is
94.5% marked by bold font. When consider on per class
classification, it can classify concrete class with the highest
accuracy of which 97.5% that label by italic bold font.

%

. brick 189 5 1 96.9%
z ne 31.5% 0.8% 02% 3.1%
et concrete 3 195 16 89.0%
E 1.3% 32.5% 2.7% 11.0%
g i 3 0 183 98.4%
woo 0.5% 0.0% 30.5% 1.6%
95.5% 97.5% 91.5% 94.5%
5.5% 2.5% 8.5% 55%

brick concrete wood

Target Class

Fig. 6. Confusion matrix of the classification results from AlexNet with
fine-tuning,

s bk 190 10 1 94.5%
Ei e 31.7% 1.7% 0.2% 5.5%
“ ot 8 188 4 94.0%
g conadle |30 31.3% 0.7% 6.0%
E | 2 2 195 98.0%
woe 03% 0.3% 32.5% 2.0%
95.0% | 94.0% | 97.5% | 955%
5.0% 6.0% 2.5% 45%

brick concrete wood

Target Class

Fig. 7. Confusion matrix of the classification results from GoogleNet with
fine-tuning.

Fig. 7 1s the confusion matrix results from GoogleNet
fine-tuning. Overall accuracy is 95.5% marked as bold font.
For per class classification, class of wood can classity with
the highest accuracy of which 97.5% represent as italic bold
font.

Table IV shows the overall of the classification results
from both schemes of transfer learning and depicts to
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When transfer-learning scenario 1s adopt to a task specific
on construction image classification task it exhibit very
interesting circumstances to the studied dataset. First, it
achieves very attractive result from 95.5% of the
classification accuracy by fine-tuning GoogleNet. Second,
for fixed featured extractor scheme, when we investigate on
the transferred features from the intermediated layers, the
results from such some layers are higher than the layer
always used by many existing applications. Third, based on
our empirical experiment on the parameters setting for the
fine-tuning process, the most performance-affected
parameter 1s the learning rate. These means, if we set the
learning rate to 0.01, the performance is much worse than
0.0001 shown in Table III. Finally, from the confusion matrix
in Fig. 6. 1t reveals AlexNet can classify the best for concrete
class. While, in Fig. 7, GoogleNet can do the best for class of
wood. In addition, both architectures can do quite the same
for a class of brick. By this result, it discloses us for the
further study whether we can use both the extracted features
from both architectures in a combination way such as
ensemble or any others for the future work.

VL
In this work, a new notable scenario of CNN based method
by transfer learning is applied and evaluated for construction

CONCLUSION

material 1mage classification task. Two of pre-trained
architectures trained on based task of ImageNet dataset,
which are AlexNet and GoogleNet are explored. Both of
fixed feature extractor and fine-tuning schemes of transfer
learning technically implemented and evaluated.
Analyzing results from the two pre-trained architectures
expose very impressive and interesting circumstances to the
studied dataset. Best of all, fine-tuning scheme of GoogleNet
reveals the highest classification result by 95.50 percent of

are

accuracy.
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Abstract— Deep learning based model named Convolution
Neural Network (CNN) has been extensively employed by
diversified applications concerned images or videos data.
Because training a specific CNN model for an application
task consumes enormous machine resources and need many
of the training data, consequently pre-trained models of
CNN have been broadly used as the transfer-learning
scenario. By the scenario, features had been learned from a
pre-trained model by one source task can be proficiently
sent further to another specific task in a concept of
knowledge transferring. As a result, a task specific can be
directly employed such pre-trained features or further train
more by setting the pre-trained features as a starting point.
Thereby, it takes not much time and can improve the
performance from many referenced works. In this work,
with a task specific on construction material images
classification, we investigate on the transfer learning of
GoogleNet and ResNetl01 that pre-trained on ImageNet
dataset (source task). By applying both of the transfer-
learning schemes, they reveal quite satisfied results. The
best for GoogleNet, it gets 95.50 percent of the classification
accuracy by fine-tuning scheme. Where, for ResNetl01, the
best is of 95.00 percent by using fixed feature extractor
scheme. Nevertheless, after the learning based
representation methods are further employed on top of the
transferred features, they expose more appeal results. By
Autoencoder based representation method reveals the
performance can improve more than PCA (Principal
Component Analysis) in all cases. Especially, when the fixed
feature extractor of ResNetl01 are used as the input to
Autoencoder, the classified result can be improved up to
97.83%. It can be inferred, just applying Autoencoder on
top of the pre-trained transferred features, the performance
can be improved by we have no need to fine-tune the
complex pre-trained model.

Index Terms— Convolution Neural Network (CNN),
Transfer Learning, Autoencoder, Construction Material,
Image Classification.

I. INTRODUCTION

Since the emerging of deep learning, Convolution

Manuscript received November 13, 2018; revised January 5, 2019:
accepted January 3, 2019.
Corresponding author: Supaporn Bunrit (email: sbunrit@sut.ac.th)

Neural Network (CNN) based learning has been
extensively employed by diversified applications.
Especially, for the tasks concerned images or videos data.
Due to the constructing and learning of a specific CNN
model for an application task consumes enormous
machine resources and need many of the training data,
consequently pre-trained models of CNN have been
published and appreciation by many application domains.
The features had been learned from a pre-trained model
by one source task can be proficiently sent further to
another specific task in a concept of transfer learning. By
transfer learning, a task specific can be directly employed
such pre-trained transter features or further train more by
setting the pre-trained transfer features as a starting point.
Thereby, it takes not much time and can improve the
performance from many referenced works.

Transfer learning of CNN model can be applied by two
schemes, which are fixed feature extractor and fine-
tuning. Fixed feature extractor directly transfers pre-
trained features to a task specific by just project (activate)
the task specified data to such features. Another one
popular scheme is fine-tuning. It means the pre-trained
transfer features from a source task are fine-tuned to a
task specific by training more with a task specific dataset.
The result features after retrain are then utilize. Naturally,
fixed featured extractor can be process faster than fine-
tuning, especially when the pre-trained model 1s very
deep. The deeper of the model, the longer of the fine-tune
process. In addition, fine-tuning process need to set many
of hyper-parameters. Searching for such suitable and
optimal hyper-parameters also take much of time and
complex.

In this research,
performance  1n images
classification task, the novel suitable approaches are then
explored. Previous works concerned construction
material 1mage classifications were studied based on
hand-designed features, of which the outstanding
algorithms in 1mage analysis were applied to extract the
features and then some classifiers were selected to
classify such features. Therefore, the
accuracy depends on manual selection of the feature-

aim at looking for the best
construction  material
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extracted algorithm. In our study, the state of the art
approach based on the transfer learning of CNN pre-
trained models/architectures is investigated. A set of
construction material 1images 1s act as a task specific
dataset in the transfer-learning scenario. The two selected
architectures are GoogleNet [1] and ResNet101 [2] pre-
trained on a source task of ImageNet dataset. These two
architectures are differences both in deep and in detailed
layers.

After the preliminary experiments conduct just on the
transfer-learning scenario, we encounter the cumbersome
process in fine-tuning scheme. Such fine-tuning process
always takes so long time and it is complicated in
searching for the optimal hyper-parameters. Especially
for ResNetl01l which consists of up to 101 weighted
layers in deep. Instead of wasting too much of time for
fine-tuning, feature learning based representation
methods of Autoencoder and PCA are considered in our
work. Such two representation methods are applied on
top of the transferred pre-traned features. By
Autoencoder, the representation features learned from
CNN pre-trained based features can 1mprove the
performance more than PCA in all cases.

II. RELATED WORKS

Many of construction management tasks can be
supported by technology progress in computer and
internet incorporate to the data acquisition technology.
Surveying of the data acquisition technologies used mn the
construction management applications by Chen et al., [3]
indicated laser scanning was used by the most of
surveying applications, following by RFID and digital
camera, respectively. For construction management tasks
mvolved details of the construction material, acquisition
nformation for the ditference of each material must be
done solely by camera because information from laser
scanning could not indicate the difference among
materials [4]. Therefore, digital image processing and
computer vision, at this moment, are the progressive
research architecture,  engineering,
construction, and facilities management (AEC/FM) [5].

Concerning the construction material classification, in
literature  Brilakis et al., [6] mmutatively explored the
method for material 1mages classification
application of material image retrieval. They employed a
series of content-based filters to decompose an image into
color, texture, and structure features. Knowledge database
was created and used for comparing the feature signature
of each cluster when and an 1mage was divided into
cluster region. The interval of each feature signature was
done by threshold and the comparing was measured by
Fuclidean distance. Machine learning techniques were
considered m a work of Zhu and Brilakis [7] for
1dentifying regions.  Firstly,
segmentation was applied to divide the construction site
image into regions. Then, visual features from color and
texture were used to classify by support vector machine
(SVM) against artificial neural network (ANN).

direction  in

n an

concrete  material
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Experiment revealed the performance from ANN was
better than SVM of which the average of precision and
recall were around 80%. Rashidi ef al., [5] investigated
an analogy between various machine-learning techniques
for detecting construction material of building. The
studied materials were concrete, red brick, and OSB
(Oriented Strand Board). The studied classifiers were
multi-layer perceptron (MLP), radial basis function
(RBF), and SVM. Where RGB histogram, HSV
histogram, and histogram of dominant edges were
extracted as the features. Experiments conducted based
on two-class of problem classification; target and non-
target class of materials. The best accuracy was from
SVM with RBF kernel.

The potential of ensemble classifies were explored by
Son ef al., [8] They explored the performance of six
classifiers on three materials, which are concrete, steel,
and wood. Voting based ensemble was created by six
different classifiers which are SVM, ANN, Commercial
version 4.5 (C4.5), Naive Bayes (NB), Logistic
(LR), and k-Nearest neighbors (KNN).
Features used are three values from HSI color space. The
accuracy, precision, sensitivity, and average score values
were measuring and comparing. The ensemble classifier
was significantly better than each single classifier.
Dimitrov and Golparvar-Fard [4] proposed a bag of
words (BoW) pipeline for forming statistical distributions
of materials and multiples of binary SVM were used as
the classifiers. The material appearances were modeled
by joint probability distribution of response from a filter
bank and principle HSV color values. They also proposed
the prototype of the construction material library and the
validation metrics. In a work of DeGol et al., [9] 3D
geometry information of materials was investigated
incorporated to 2D features. The considered features of
3D geometries were surface normal, camera intrinsic, and
extrinsic parameters. The 2D features were fisher vector,
HSV color, and CNN feature from pre-tramed VGG-M
network. A one vs. all SVM scheme was used as the
classifier. New dataset, which provide both images and
geometry data, had been public in this work. They
experimented on various combinations of 2D and 3D
features. The results revealed the combination of surface
normal, fisher vector, and CNN feature got the highest
accuracy. When only 2D features were considered the
best accuracy was from fisher vector incorporated to
CNN feature.

Related works on construction material 1mages
classification were studied based on hand-designed
features. Whereas, the specific ways of the extracted
features must be identified before the classification
process and the classification accuracy depends on
manual selection of the feature-extracted algorithm. None
of the automatic feature extracted method such as deep
learning technique has been focus the studied for
construction material images. Although DeGol ef al., [9]
used CNN feature in their work, such feature only
explored incorporated to other features in order to study

regression



about the important of 3D geometry. They did not focus
the studied in particular to CNN network applying for
construction material dataset. In our proposed work,
therefore, a new notable transfer learning scenario of
CNN based method with its improvement 1s investigated
for material image classification task. Where, two of pre-
tramned architectures that are GoogleNet and ResNet101
trained on ImageNet dataset are employed. Moreover,
Autoencoder and PCA are also applied incorporated to
the pre-trained features from GoogleNet and ResNet101.

III. CNN Based Methods

A. CNN Based Model

Emerging of CNN model comes from three of
concepts, which are sparse interaction, parameter sharing,
and equivariant representation [10]. Such concepts
transform to the network configuration demonstrates in
Fig. 1. The network may view as 1t consists mainly of two
processes that are feature learning process and
classification process. In feature learning process, the
principle stages, which are convolution, nonlinearity, and
pooling stages incorporated to fully connected stage, are
used 1n order extract the features in deep. Such stages are
named respectively in Fig. 1 as CONV, ReLU, POOL, and
FC. Where ReLU means the stage uses Rectified Linear
Unit (ReLU) function as a nonlinearity function. In CNN
model, many of these principle stages are consecutively
arranged as layer-by-layer ammed at automatically
learning the deep features from input. The features
extracted from feature learning process will be further
used for the classification process by Softmax function. It
applied for the last layer of the network in order to give
the output in probability manner.

—>eee —>H—>H—>I—b Output
I J

Feature Learning

Fig. 1. Principle layers of CNN Model.

Input —»

CONV
RelU
POOL
v
CONV
RelU
POOL

Classification

1) Convolution Layer

In CNN model, convolution is a major operation. It is
in the formed of 2D convolution with 3D input, where
many filters of size FxixD are used once at a time to
convolute with the 3D mput of size TWxHXD by sliding
windows manner. The convolution result from one filter
is one of the feature map output. Therefore, when N
filters are applied in a convolution layer, the entire output
from the convolution stage is a stack of N feature maps.
That means the imformation in each convolution layer of
CNN model 1s viewed as the features in 3D.

2) ReLU Layer

Because convolution is a linear operation, the feature

maps result from the convolution layer always pass
through a non-linear ReL.U function in order to extract
the non-linear property of the features. ReLU function 1s
shown in (1). It simply but work very well by converting
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all the negative values of input to zero where keeps the
others as the original.

0, x <0

ReLU(x) ={x x>0

)
3) Pooling Layer
The pooling layer of CNN model used for subsampling
to each feature map input. After the pooling stage, the
dimension of width (W) and height (H) of the feature
map will decrease. By subsampling, therefore, difference
of pooling size can be used. If use the pooling size of
2 X 2,1t means only one value from four values is
selected as the subsampling wvalue. Whereas, max
pooling, average pooling, or any others pooling types can
be employed to selected the one subsampling value from
such four values.
4) Fully Connected Layer
Most CNN models use some of fully connected (FC)
layers at the position near output. In FC layer, the feature
maps from previous layer will be arranged as a vector
data to be the mput of the FC layer and connect together
in the same way as a Multi-Layer Perceptron (MLP)
network used.
5) Softmax Laver
In feature learning process, many layers consisting of
the convolution, nonlinearity by ReLU function, and
pooling are consecutively arranged to form a network.
Some other stages may include such as the stage of
normalization or dropout that are also used in AlexNet.
For the classification process, the softMax function 1s
employed to transform the output of the network to be the
values 1 term of probability. Its function shows m (2).
eJvi
softMax(y;) = o——~ (2)
) j=1 e’
Where: softMax(y;) is the softmax result of
each y;,
Y; 1s an output of each neuron i,
e”i is the exponential value of y;,
and k is the component of vector y

When we want to apply CNN based method to our
application task we can do in two different ways. The
first way knows in term learning from scratch. By this
scheme, the CNN structure that appropriates to the
studied dataset (task specific dataset) 1s created and fully
trains on such dataset. It may works very well 1f our task
specific dataset is large enough. The second way is
transfer learning. Where the knowledge (in term of
weight and bias parameters) from some of the pre-trained
architectures trained by other dataset that big enough
(source task dataset) is transferred to the task specific
dataset. It has been known in machine learning
community that fully trains of CNN network to a task
specific dataset needs huge of computer resources and
take time. Most of all, dataset size must effect to the
performance. By the reasons, transfer-learning approach
has been come up and many of well-known CNN pre-



trained architectures are public and appreciation by the
researchers in the fields.

B. CNN Pre-Trained Models

Nowadays, many so named CNN architectures pre-
trained on some source tasks are public. Most of all,
architectures involved each year ILSVRC are well
known. Table I shows some of ILSVRC architectures that
pre-trained by ImageNet dataset. A table focuses to
compare their complexity in term of depth and total
number of parameters. Where, number of parameters of
CNN model means total number of weights and bias
employed m a network.

TABLE [: COMPARE PRE-TRAINED ARCHITECTURES DETAIL THAT USED
IMAGENET DATASET AS A SOURCE TASK.

. No. Weighted No. Total No. of

Architecture S - Parameters
Layers Layers o

i i (nullion)

AlexNet 8 25 62.4

GoogleNet 22 144 6.8

ResNet50 50 177 25.6

ResNet101 101 347 44.5

For GoogleNet, Its weighted layers has around 3 times
deeper than AlexNet but total number of parameters has
10 times less than. ResNet50 and ResNetl0l were the
two architectures based on ResNet structure. ResNetl01
1s deeper and as a result has more parameters. In this
work, we select architectures of GoogleNet and
ResNetl01. These two architectures are differences both
in deep and in detailed layers. They were per-trained by
around 1.2 million images of 1000 classes of everyday
used images. Details for each architecture explain as
follow:

1) GoogleNet

Szegegy et al, [1] from Google research term
developed an architecture of GoogleNet for ILSVRC
2014 and won the competition. The network quite deeper
than AlexNet of which view as consisting of 22 weighted
layers. They proposed a network under an mmprovement
on the calculation resources. The efficient of a network
came from both wider and deeper by incorporating nine
modules of inception module. Each module used only
small filter size of 1 X 1,3 x 3, and 5 X 5. Each block in
a module can do in parallel and the results from all blocks
are concatenated to be the inception module output send
to the next layer in a network. GoogleNet used total
number of parameters around ten times fewer than
AlexNet as showed m Table I.
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2) ResNetl01

If compare by the layer in deep, ResNetlOl is five
times deeper than GoogleNet when count for its weighted
layers. ResNetl0l employed the same mside details as
ResNetl152 that won ILSVRC 2015. All ResNet
architectures construct based on the core i1dea of
mtroducing a so-called identity shortcut connection that
skips one or more layers. Such an idea was then
transformed to a deep residual learning framework [2].

C. Transfer Learning of CNN
Transfer learning of knowledge from CNN based
models can apply by two schemes, which are fived

feature extractor and fine-tuning. Fixed feature extractor

directly uses the pre-tramed weights and bias and
transferred to a task specific by no need to retain the
network. Opposite to the fine-tuning, the network must be
retrain on some parts using a task specific dataset with
weights and bias initialized from transferring pre-trained
welghts and bias.

In practice, both fixed featured extractor and fine-
tuning are popular for the image classification tasks. Due
to CNN features are more generic in early layers and
more original-dataset-specific in later layers, There are
some common rules for navigating the following 4
scenarios [13]:

1) Task specific dataset is small and similar to source

task dataset: employ fixed features extractor by

training a linear classifier from the activation features
at the top layer.

2) Task specific dataset is large and similar to source

task dataset: employ fine-tuning through the full pre-

trained network.

3) Task specific dataset is small but very different

from the source task dataset: employ fixed features

extractor by training a linear classifier from the
activation features somewhere earlier in the network.

4) Task specific dataset is large and very different

from the source task dataset: employ fine-tuning

through the full pre-trained network. Actually, we can
afford to tramn a CNN model from scratch.

IV. FEATURE REPRESENTATION METHODS

A. Autoencoder

Autoencoders are a type of neural network architecture
that take in an mput vector, compress (encode) the input
to a reduced set of dimensions and then reconstruct
(decode) the compressed data back to 1ts original form.
Therefore, a lossy transformation 1s applied to the data
that may be used in applications like image compression
[14]. Although concept of Autoencoders is as old as
neural network, it comes up of interest since the emerging
of deep learning. Autoencoders of many consecutive
hidden lavers is named as stack-Autoencoders for deep
learning.

Example of the learning by Autoencoder shows in Fig.
2. This Autoencoder 1s forced to encode a 8 bits mput to
be 3 bits by setting an output of the network the same as



an input. That mean, by Autoencoder 1t is forced to learn
f(x) = x, where x 1s an input. Its weight values act as the
encoding function (1. e. group of segments on the left of
Fig. 2(a).) and decoding function are the weighted on the
right side of Fig. 2(a). For the encoded values, just
encoding weights are used. After activated such encoding
weight to each input, we get the encoded 3 bits results by
the values show as Hidden Values of Fig. 2(b).

Inputs Outputs Input Hidden Output
Values
10000000 — .89 .04 .08 —» 10000000
01000000 > .15 .99 .99 — 01000000
00100000 = .01 .97 .27 =» 00100000
00010000 == .99 .97 .71 = 00010000
00001000 = .03 .05 .02 = 00001000
00000100 —> .01 .11 .88 = 00000100
00000010 —> .80 .01 .98 -» 00000010
00000001 —* .60 .94 .01 -* 00000001

(b). Activated features learned

at the hidden layer of (a).

=

(a). Autoencoder Model

Fig. 2. Autoencoder model and its example [15].

B. Principal Component Analvsis (PCA)

PCA 1s a non-parametric method of extracting relevant
information from data by reducing a complex data to a
lower dimension. It is an unsupervised learning method
for dimensionality-reduction.

PCA process consists the five steps are as follows [16]:

1) Subtract the mean from each of the dimensions.

2) Calculate the covariance matrix.

3) Calculate the eigenvectors V and eigenvalues D of

the covariance matrix.

4) Reduce dimensionality and  form  feature

vector.Where, the eigenvector with the highest

eigenvalue is the principal component of the data.

5) Derive the new data as FinalData. Where,

FinalData = RowFeatureVector *xRowZeroMeanData

Example of PCA shows in Fig. 3. The original data
with 3D feature space 1s m Fig. 3(a). Each principal
component shows by arrows represented its eigenvector.
After applied PCA to this data, if select the two largest
components, will get the result as in Fig. 3(b). Whereas,
1f select only the one largest component, result will be as
shown Fig. 3(c).
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(a). Original data with 3D feature space. Each principal component
shows by arrows represented its eigenvector.

(b). Project the original data in
(a) onto the two largest
eigenvectors and obtain a 2D
feature space.

Fig. 3. Example of PCA. Edit from [17].

(). Project the original data in
(a) onto the largest eigenvector
and obtain a 1D feature space.

V. PROPOSED WORKS

Our proposed works can be divided into two parts. The
first part, we explore on the transfer learning of
GoogleNet and ResNetl01 by both fixed feature extractor
scheme and fine-tuning scheme. The second part, we
employ Autoencoder and PCA as the feature
representation methods to the transferred pre-trained
feature results from the first part. Details of each part
explain in Subsection A and Subsection B, respectively.

A. Transfer Learning of GoogleNet and ResNet101
1) Fixed Feature Extractor

By a scheme of fixed feature extractor, the weights and
bias from the pre-trained architecture are directly
transferred and used for the classification process by have
no need to retrain the network with the training set of the
task specific data set. Therefore, the task specific data can
directly transform to the pre-tramed features and any
classifier can further classify such transformed features
related to the target class of the task specific dataset.

Our task specific dataset is the construction material
images that consists three classes of materials, which are
brick, concrete. and wood. In order to evaluate the
performance of tixed feature extractor by both GoogleNet
and ResNet101, we use support vector machine (SVM) as
a classifier. We employ the feature from layer “pool5” for
GoogleNet. For ResNetlOl we use the last layer of
feature learning process. The last layer before softMax
layer.

2) Fine-Tuning

By fine-tuning scheme, we observed the fine-tuning
parameters based on an empirical experiments follow a
work of [18]. Both architectures, we set the momentum
term to be 0.9 and the regularization term to be 0.5. As
such, we are fine-tuning the network by the stochastic
gradient descent with momentum (SGDM) algorithm.



B. Feature Representation of the transferred pre-trained
features

For each CNN pre-trained architecture, the feature
result from each transfer-learning scheme of subsection A
is used as an mput to Autoencoder and PCA. Actually,
we should have four Autoencoders and four PCAs.
However, we experiment on only three Autoencoders and
three PCAs. We do not apply the feature representation
method to the fine-tuning feature of ResNetl01 because
we believe we still not reach the optimal fine-tuning
result due to the complex in setting the hyper-parameters
in the fine-tuning process.

VI. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Task Specific Dataset

Our studied dataset or task specific dataset 1s a
collection of construction material images consists of
three prominent classes of materials, which are brick,
wood, and concrete. There are parts of the public images
in a work of DeGol et al.. [9]. Examples of some images
for each class show in Fig. 4. Class of brick 1s shown m
Fig. 4(a), Concrete 1s Fig. 4(b), and Fig. 4(c) 1s wood,
respectively. All images are 100x100 pixels resolution.
The training set consists of 400 images per class and the
testing set 1s 200 images per class.

T | A\
(a). brick (b). concrete (c). wood
Fig. 4. Examples of some images in each class

B. Experimental Results

Table II shows percent of accuracy results from the
transfer learning ~scenarios using GoogleNet and
ResNetl01 pre-trained architectures. The best accuracy
from GoogleNet obtains when fine-tuning is applied; it 1s
of 95.50%. By fine-tuning, the performance improves
3.33% from the fixed feature extractor scheme. In case of
ResNetl01, it exposes quite high mn accuracy when just
fixed feature extractor scheme 1s used: 1t 1s of 95.00%.
On the other hand, by fine-tuning of ResNetl01, it is
difficult to tune this pre-trained model because of its
depth. In total, it consists of 347 detail layers as shown in
Table 1. As a result, the fine-tuning process is complex in
searching for the optimal hyper-parameters. Based on our
experiences, the best result we get by fine-tuning is just
93.00% as shows in Table II. By the result, we expect it 1s
not the optimal one.
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TABLE IT: ACCURACY RESULTS (%) FROM THE TRANSFER LEARNING
OF GOOGLENET AND RESNET101 ARCHITECTURES.

Transfer Learning Scheme

Pre-Trained - Improvement

Architecture | Fixed Feature Fine-Tuning | after fine-tuning
Extractor

GoogleNet 91.17 95.50 3.33

ResNet101 95.00 93.00 * -2.00

Table IIT compares the accuracy results after the CNN
based features from the transfer learning features of
GoogleNet and ResNetl01 are applied by PCA and
Autoencoder. When the transferred fixed feature extractor
of GoogleNet is employed as an input to PCA and
Autoencoder, the classification results can improve to be
92.33 and 93.50, respectively. For ResNetl01, PCA can
improve the fixed feature extractor based feature to be
96.83%, whereas by Autoencoder it can improve up to
97.83% as shows by bold font value in Table III.

It is note that applying the feature representation
methods to the transferred fine-tuning feature cannot
significant improved the performance. Thus, show by the
result of Table II when fine-tuning feature of GoogleNet
1s employed. By PCA, the result is less than when the
based feature is used. Although by Autoencoder reveal a
bit higher result, it 1s not the significant improvement. For
fine-tuning feature of ResNetl01, we do not conduct the
experiment on feature representation methods because we
believe the based fine-tuning features still not the optimal
result.

TaBLE [TI. COMPARE ACCURACY RESULTS (%) AFTER FEATURES FROM
GOOGLENET AND RESNET101 ARE APPLIED BY PCA AND

AUTOENCODER
Based Features Used
. Best
Model/Representation Fixed .
Method Feature Fn}e Improvement
Tuning from Based
Extractor
GoogleNet (Based) (91.17) (95.50)
PCA 9233 93.67
Autoencoder 93.50 95.83 233
ResNerl01 (Based) (95.00) NA
PCA 96.83 NA
Autoencoder 97.83 NA 2.83

Fig. 5 represents the confusion matrix result from the
testing set when Autoencoder applied to ResNet101 fixed
feature extractor based features. The test set consists of
600 1mages from three classes. There are 200 image or
33.33% for each class. Target class labels in Fig. 5 is an
actual class and output class 1s a class from the
classification result of the proposed method. Overall
accuracy 1s 97.83% (a matrix shows 97.80 by ceiling)
marked by bold font. It is the highest classification result
from our proposed work. When only per class
classification 1s considered, it can classity concrete class
with the highest accuracy of which 99.50% that label by
italic bold font in Fig. 5. Out of 199 images from 200
images for a class of concrete can be correctly classified
after Autoencoder is applied.



brick 193 1 1 99.0%
one 32.2% 0.2% 0.2% 1.0%
< o 7 199 4 94.8%
S comerele |0, 32.3% 0.7% 52%
S

4 0 0 195 100%
woo 0.0% 0.0% 32.5% 0.0%
96.5% | 99.5% | 975% | 978%
3.5% 0.5% 2.5% 2.2%

brick concrete wood

Target Class

Fig. 5. Confusion matrix result when Autoencoder applied to
ResNet101 fixed feature extractor.

The confusion matrix shows in Fig. 6 is the result from
the testing set when PCA 1is applied to ResNetl0l of
which fixed feature extractor is used as a based feature.
Overall accuracy 1s 96.83% (a matrix shows 96.8 by
ceiling) marked as bold font. For per class classification,
class of wood can classify with the highest accuracy of
which 99.50% represent as 1talic bold font.

brick 195 12 1 93.8%
e 32.5% 2.0% 0.2% 6.3%
< o 3 187 0 98.4%
£ comerele g 50 31.2% 0.0% 1:6%
S

d Z 1 199 98.5%%
woo 0.3% 0.2% 33.29% 1.5%
97.5% | 93.5% | 99.5% | 96.8%
2.5% 6.5% 0.5% 3.2%

brick concrete wood

Target Class

Fig. 6. Confusion matrix result when PCA applied to ResNet101 fixed
feature extractor.

C. Discussions

Our task specific dataset 1s a small one. It consists of
only 1,200 traming images and 600 testing images.
According to the common rules for navigating the 4
scenarios of transfer learning 1 Subsection C of Section
III (CNN Based Method), just applying fixed feature
extraction scheme, 1t should get the good result. From our
experiment, according the results show in Table II. When
used fixed feature extractor of ResNetl0l, the
classification result is better than fixed feature extractor
of GoogleNet. Where, GoogleNet can improve its
performance by the fine-tuning scheme. In a case of
ResNetl01, we believe we still not reach the optimal
fine-tuning result due to the complex in setting the hyper-
parameters in the fine-tuning process.
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By the way, the performance from fixed feature
extractor of both pre-trained model can be further
mmproved when apply Autoencoder and PCA to such
feature. By Autoencoder based representation method
reveals the performance can improve more than PCA
all cases as shown in Table III. The best improvement of
GoogleNet 1s of 2.33%, whereas for ResNetlOl it 1s of
2.83%. Best of all, Autoencoder when use ResNetl01
fixed feature extractor as a based feature get the highest
performance for our task specific dataset of construction
material image classification. It can also be inferred, just
applying Autoencoder on top of the pre-trained
transferred features, the performance can be improved by
we have no need to fine-tune the complex pre-trained
model.

From the classification results of per class
classification shown by the confusion matrices; Fig. 5 and
Fig. 6, we can see that Autoencoder applied to ResNet101
fixed feature extractor can classify very well for a class of
concrete. Whereas, when PCA applied to ResNetlO1
fixed feature extractor it 1s good for classifving the class
of wood. For our further research, we therefore, may
mvestigate on combining of the two cases of features.

VII. CONCLUSION

In our study, the state of the art approach based on the
transfer learning of CNN pre-trained architectures is
mvestigated. A set of construction material images is act
as a task specific dataset in the transfer-learning scenario.
We mvestigate on the transfer learning of GoogleNet and
ResNetl01 that pre-trammed on ImageNet dataset (source
task). By applying both of the transfer-learning schemes,
they reveal quite satisfied results. The best for
GoogleNet, it gets 95.50 percent of the classification
accuracy by fine-tuning scheme. Where, for ResNetl101,
the best i1s of 95.00 percent by using fixed feature
extractor scheme. Nevertheless, after the learning based
representation methods are further employed on top of
the transferred features, they expose more appeal results.
By Autoencoder based representation method reveals the
performance can improve more than PCA (Principal
Component Analysis) i all cases. Especially, when the
fixed feature extractor of ResNetl01 are used as the input
to Autoencoder; the classified result can be improved up
to 97.83%. It can be inferred, just applying Autoencoder
on top of the pre-trained transferred features, the
performance can be improved by we have no need to
fine-tune the complex pre-trained model.
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