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Ich. ZHbofl= 2] 1H|(Zigbee)y Bl (Beacon)= ARESE. W RFID
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b Me % =4
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TREE olgs =, A 92 Adsh= 7lsolth ¢tHuer How
748 AR L(TaglE AHE FAo I FHE #Fstd 28 i
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[E 2-1] AH 7|3 RFID 7]&9] A9

4% 7| 1% Aol

UK B A

ANAAR |- AEel BAd1E REelw 7 AEe AnE
@A AREaR) | 2QsEdomM A 7 Aume =9
QA P2l 5o AMAE ATSHE 2
Aol HAE o ARE FHiE olfd 9
PHSSAET | 2 2 4 9 24 Fus ddoz A 4
- A — — £l
G A9AED | 5 e 5 was a4 1%
A FueE ARgSte 29 ICHES AR8SH
MAEoR AES QASE JERA, AR
WASAITL | o5 mer 0 Azzae S /%] WA
(FTRD 2 Age] Agel BT ANE RIT & e
e
oy | HIOIEERE WA H2, Aol e o
o] _Q.—C,l ’ )
BEBAMIUNEH | g gojge 24 Fuss olgd B/

1) RFIDO] =82 +4

RFIDE= 47F2] AZo= tHio|l A A, AA YEYT AL, &l A
=, NEACIA Aoz =] vk A #A tufols AF2 1L
ole] 3 7l5S ot 1f9 IZE HEE A¥oh= "I FAS Fotd
1ol AHE w5 9 o5 715S ohe 2uR PAET of7lo] AFEE=
EA FAE 125kHz, 135kHz, 13.56MHz, 433MHz, 860~930MHz,
245GHz 522 FAREIE o/t H5F ot dA= ISO 18000-2, 3, 4,
5,6, 724 #E3PL Hdoh T A4 AA HET AS2 =L, AlA,
o, AHE 7te] B&ZHQl BAE AlFcts HEHA 7|&olth Al BA nE
o] AF2 dupola AFoa2RE FHE AA ZE HRE fEAlA
Ao BRHoR2 A 4 Qs dHolE o HE A, AAIZE HolE

Z

ggolM el dole 29 T3 &2 MBS Alstt. 2oz ofEAolA
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ASE &7, 89 ¥, A= I, Ax o3 22 gt 58 EF4e
Asste 7lez F4EH10

th RFID¢} HIZE

RFID Ej1&: ~AntE h#l(Smart Labelolgty E20, 71= ErQl, i1
g, 2hd Be, 4 B 59 g JH=E A
[ 2-2]o|A HIZE+= 3t ®of shA Ql4lsh= ¥FH RFIDE SAll o
g JHE AT 4 Ak 1 9 FHEE, 14 A, 4] £ HoANE dF
o

B & 4 A ©A, Aol AT Bl YA, Age] AdLE 7}
A2 wHAE FAold
¥ 2-2] RFID¢} HIZE 7|& EA v

T 2 HZE RFID

o] Al HFH 5t (Read only) B2 X (Read / Write)

o5 Q1A | 3F Ho 3 JiH Al o= 7 14 7hs

A EZF | A Dol(EH 100 bytes) 7 ol (2 128 kbytes)

A4 A | Hf A cm Zd 100m

A £ | JEH AN o =9 7

e g | S OIF BA A AE JAAF dEHD)

7t 4 2hd Q1A 10 w]wt 1 4H (509 o]st E3)

2h) RFID A& 7]&of sk Ad) A

A A 3 50 71dolAs o8 7]&ol RFIDO| B2 EXE op7]4]
koktt. o]2 ]Il 7]&9] viZE A|ARle| HIS] RFID7} 7HAAL Q= d k™

10) 224, of4d+t. (2008). RFID §-8 71&9] =l A= g% aclol] v A7 Feh=4tst
71&3ts]; . 9(4), 1018-1029.
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UA &k 1 oolf= ZIEAd At EES ZA, HE 24,

Fa% 2AL dgolt S1gHrk: RIDE 7852
Aok 4 gl 24 0 ARAE ol B8 Fa olg7t Ha gk
= ARl gl FHA e 7del4 RFIDE =98e o o2 383
G oo x4 U o] F8A 9] ] RFID7 ABshs chake o4
2 385 B3I 2 7FsAol Yok
RFID =7 2 41714 298 95t AAgRsel 78 242 744
B R4S Sold R vled an 248 Fo) Andelud 45d
e $AE ANGORA AY 713 279 BHIA £ AR AEA
2 & otk Bk [® 2-313 2ol AAA

=
= J

w42 HE 2 #e £, A7 (Net Present Value), HHlE
(Internal Return Rate), 3|4~ 7]ZH(Payback Period) 59| AAF#A-S So}o]
Aol AAE, RS mpelobA =, Hlg 2 He] =29 o5 Het
517] 95te] YEZ-olgo| 7| & stol & (Discount Rate), Az 7|tlA
HE& 52 F7bote] EEs7|k gt &, ROl 4% Foto] Fa gdAdS
ZEotal AZte] wE AAY EENE A1)

H—]

1) WA, A5E, S 009). RFID A28 Edlaciv fale] B A7, TAARed
5, 7(1), 65-89.
12) Angeles, R. (2009), Anticipated IT infrastructure and supply chain integration capabilities

for RFID and their associated deployment outcomes. Ilnternational Journal of Information
Management, 29(3), 219-231.

13) A, 5. (2010). 43231 RFID Z8joll QlojA] AR71& 5] 4F @ 7|0 |9, 4
2 a2 9] o TR gekRlAl, , 23(5), 2543-2563.

14) 7-&9. (2010). RFID =1 9ot AAEA wetoll dgt -+ @ = 27 A<
2, LP%@Z}HEMQMM . 15(D), 11—137.

15) Az, s, A, 4@ (2010). AZ 419 RFID A|AE ROI B4 mZaolelg,
rera2 2 AEASHS], | 18(1), 103-120.
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Investment) | © %) T =
stdo] elegs 11 sls
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I ) j’,]— —9—:‘—”]' /\]_019’1 s X]' L _J—LE% 7]_—]_2_ ol
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oA Z2AES e
egpog | oEo HUE S cqe) qme | gra g4
(ROI : of uigt WAl Eojof EZZl 34| BHE oS}
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Return On ; aleet A~ oln = 7122 AEst| 9t A B9 7
Investment) | lrd 5 9= = 2 ot ol AR
Zpolols olztg® ~E B
=3}
FAaNE 4 HE
FApolE | & Xl mzAE solo] AR} BAEE AlA
(ROI |7} o7l =g | N q
I ofd o WA | B ZHAAH A
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HIA(LBS) ofEe]Alol At 22 3-8 EokollA AHEE 4 Sloh. GPS A&
2 7P & 4R A FA A AFo|xRE AujelA o] Aol dgetx] o
o AW 92 4 A& Higt & SHoA FA Fubg A
(RFID) #12] &2 oz ARG itk 7171v ®719] 2 Fof A3t
U AxEel @4 7lssior gtk RFID HI+= 2 vlgoA 4 vlg71A]
A= & gler olet FHER s RFID &8= S @2 A7t o F
o211l Qe o] A3 AFoA= TAE RFID HlIE &-8dto] elojuto]E
Ao A|ARIETE ALt AU 912 F2 AAES st Ad 914
FA A2”O fRdS AYS Tl dEsHinh1e
RFID®} NFC ®IT1E o83 FEAIA Aitde]s AH4teAld da] 9
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7h e

(D 3 =74

16) =A%, (2019). RFID EiZZE o83 AW 912 F2 AlAge] w3t A4t MHAdgEdd
T+, 17(12), 211-217.

17) 7=, &<214. (2017). RFIDeF NFC BIT1E o8]t ke AdE AHitde] AlAgle] gt
A+, Journal of The Korea Knowledge Information Technology Society(JKITS); , 12(3),
447-456.

18) "8l SF& vk olFE, 2A8E, Z5E. (2019). "REID Bi1 StElUES] 223 A9] A
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. RFID | RFID | RFID | RFID RFID | RFID ) & 3
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(2) =FAA

A% 1447 ARAZE BERNE FGAZTE 9FS o AH-29
2 Agety, A2E 7EI 2L FRRAT) EY AT YA
2 Fgatn dolelols £ BAS A4Y Ptk IY FYANAPL BF
Fgotng A, FHAA, BEARAL WEo AAY Pl Bashd
ok w, AHAAE AT MEEe A% e o] =

2
oxl
2

kU E

S~
>

d

]

filo

FEate] dole g AulelA
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I
L

o A=2d7] FZAC et A A+
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93 9ge RASIT a7 FURA F/13FF A5 AolAze] s
37] Bagol wWekgel wet WEsks Lmh 4T Aoldsl WA o
Hoz §AE 5 e sk, ololl ANH £AYE ATE A

SHE2AE shel AUelRe ANdT H3Hon R T
Aol dgAgE 7T FHE F-57HA] FE(Creating Shared Value @ CSV)
Aefo] BT UL AEAG] et AT AAGe] K, Fels
ol AAS Foll SA=27] AHst A FR7EAAES AEsH
SRR AU} AU FRAL AHNTA EAS FHOB SABX
G719 4L ATD BHS oEA T 5 AL AAFANE 79
21 A% WS W 2ae AN

21) 2z O}”}E wx]9] g <4 ufA (Propensity Score Matching) Toto] AE Z4) &3t
&S 9%t o5 A (Difference—In—Difference)S &-g3lo] EA451= W,

22) ©]AHl (2017). SA1E #&7] %A RFID =097 G B4 Hedistn oiskd gt
SHPl=E.

23) B (202D). AgE7lE 1At A HiEEs Y IAES] Bio-drying 374 2
8ol ¥t A7 AAlhdRt diekd HAeeleE.

24) o714, (Q015). SABLeAY| ALsE Aol FHTARECSY) R Ve ATEAE
Sl SASHRe R,
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(2) 8 23
h RFID 7|9t 7WEAF SFA T4 = & 4% vl&

ofgfe] [ 2-9], [ 2-10], [2¥ 2-11]2 AE2A] wfx+y, ofd
T, AHAl ZFsEe] RFID 7|5t =9 Ait =9 $5 14 o9 4d
HEFS ANde vlu 24 43 &2 35, oA 34, Al 3 H

A&Al vREAE 29~30%, HAA] F49E 29%, AHA] BSREE 30~36%

~3
of fade Hold 1 Ada4de YE ok

e AR 2 5393 2MA M= RFIDZZ2| A= RFDZ 7 58 Uk
Ml OHE EEZ 24247 210 5 20154
MEE8A OrE
HEST 0= HHEE 43895 233 5 20154
=2 kgl
*E 1% 2% Iz 42 5% ] T2 g 98 10% 1g 128 R BT (Y] | SR B3 (F] HIWE= (2]
20134 4178 | 439| 4785| 4333 | 4271 | 4399| 499 | SM5| 4525 | 4215| 4089 | 417 B2 4393 09
eI 20143 4,221 4,388 | 4,388 | 4421 4148 | 4443 | 4872 | 5114 | 4332 | 4234 | 4278 | 4222 52,984 4415 21,0
20155 2799 | 28| 287 | 2445| a0a2| 3277 | 358 | 330 | 3309 2895 | 3364 | 3109 ar 142 3.09 4.7
2018 2898 | 2955 | 2@13| 258 | 292 | 3547| 3567 | 3182 | 32¢) | 2884 | 3210 289 36.590 3049 148

AUE 2 B2 WEkgl

= 12 2% 3 42 s 62 T B2 92 10% ng 122 | BRI B2H] | MBI [H] | HH B2 (€]
20130 3125 | 4,098 | 4008 | 4288 | 38m0 | 4147 | 4389 | 4287 | 4147 | 4047 | 4028 | 4158 43 55D 4179 173
REEE 3 2014 4087 | 4196 | 3900 | 3798 | 3,998 | 4295 | 4345 | 4508 | 4221 | 47119 | 4008 4,099 49416 NG 72
20154 2424 | 2907 | 2575 | 2482 | 292 | 3203| 3449 | 3G | 300 | 3099 | 32| 29% 35,153 2,929 123
20163 2050 | 2639 | 2733 | 2623 | 3041 3244 | 3628 | 3335 | 3088 | 2997 | 2807| 2762 35,138 2,928 12,3

[17 2-9] A&A] mhE ofutE v &S

A= AFE 3 B5T9E 20A M4 RFIDEE 4 RFIDHE

L
n

HAZEAN REY SOH0FS 52 FE7 24HZ 31 500 0 enisd

OHNY B WESKg]
1% 28 3 4 5% ] g 8% o 0% ng 128 SR EEF Y] | BN B2 (8] MHBZ (8]
20194 11,986 | 12712 | 10ses| 10519 | 13621 | 14216 | 15966 | 14651 | 13314 | 1183 [ 13412 ] 11023 155,078 12,923 615
FU0HS SR 20144 10,384 | 11,797 | 10287 | g157 | 1755 | 14,264 | 15,268 | 15451 | 14,705 | 11,953 | 13986 | 11,5%0 152,084 12,670 60.3
20153 6,475 | Bees | 8152 | 7,345 | 8513 | 955 | 10780 | 10407 | ssse | ses | 10030| ses 108,474 5,040 3.0
2016 8085 | 8094 | 7738 | 7e3s| 8671 | soss| 9g92z| 9621 | 9¥7| 8438 | 9397 | ToE 103,485 B2 LIn]

[Z17 2-10] A H4F olotE =&
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e AAH 2 25392 E> p] M RFIDEZN A% RFIDHE W
25 E LBHE 19114 219 4 20150
HEBRA 2 MR HE® Fa 663 &7 "
et 437 8 20154
== K2 B2 WESikgl
18 28 3% a2 5% 5% T2 [ o 0% HE 128 CHR 22 [E] | DR B2 (3] HHEZ (2]
EREE] 3511 | 45| sa7z| 3em| same| su| 4518| 4e17]| 4321 | s2es| 4aoe | 3759 43,478 4119 156
Rl 2014 3659 4,262 3,925 3783 387 4,362 4,736 4,458 4,475 4199 4,395 3678 49879 4.157 19.8
205 2371 | 2372 | 25| oma| 2787 | 3,172| 3511 | 3ama| 3,133 | oaes | 37es | zeer 3,025 2319 139
20168 2,428 2,867 2613 2,323 2,728 3,055 3,458 3134 3173 2,896 3221 2,439 34337 2.861 13.6
a5 [UERR-EX E3:05)]
1z 2% 3z a2 5% 5L T 8Y o 10z nE 128 CHR 28 [H] | SR B3 (3] HHE= (2]
20134 12915 | 12,691 | 11,359 9157 | 12,658 | 15264 | 16,968 | 15851 | 15508 | 12853 | 17564 | 11521 164.507 13.709 653
LR onadt 11,988 | 12,797 | 10287 | 9157 | 12,658 | 15268 | 16,888 | 15,51 | 15508 | 12,853 | 17564 | 11,521 162610 13561 645
2015 8,438 8,634 7,998 7,627 5433 | 10,010 | 10,880 | 10555 | 10,383 9487 | 11,867 8973 114.431 9,536 454
065 Ga16 | 8913 | sear | 82se| g57| omr | 11,758 | 10,774 | 10683 | ooz | 1o7ie | gaa 116,776 573l 463
=z AUY E B2 WETegl
18 28 3 a2 5% 5% 7 B 9 0% g 128 CHR 22 (9] | TR B3Z (8] HHES (2]
203 9984 | 11,201 | geaa | 11,108 | 13062 | 14,85 | 15008 | 1402 | 15350 | 10508 | 12518 | 13850 162,961 12,747 60,7
2 eR 2014t 10984 | 11,797 | 10287 | 9157 | 12,650 | 14,268 | 15,288 | 15451 | 14708 | 11,853 | 13898 | 1vsen 152044 12670 60,3
2015 7207 | 7123| 7297 | Bees| im0 eee| 905 | sooe| sé08| 7714 | 1020 | 7e03 a7,092 8,001 35
2016 7672 | 7348 | 7077 7000| 7o | 63| 9708 | sos0| eert| 7est| sses | reee 9,741 6062 3.4

(19 2-11]

(L) RFID 7|8t /WA SFA B9 o]&

R
Al

|7
o)’ =
(2022.01.18.~2022.01.

21.

‘dolm, RFID W4& Ahg-ste]

o 24 gEe 7z
B fRE 20090l [

AN™A| okt ofntE &%

TR T 26)

=

ZJ-I‘
o]

| Ho7b= 7o g gl A4
7] WEZ A
J2 Ao AFdh= 7]1E 9
AE o= 53
ol ZAHPC, BHY)E shgloH,
EAS HAgEa b Ao|th

EN

(% 2-6] S92 EA

B34 .
A EB27)

A H28)

=

rH
e

H -7129)

-

[e) ——'T
=1130)

o A 1=

26) 184,
=,

Asd. (2022). =

AT 71
r@%‘ﬂﬂ&‘?ﬁ%ﬁ*ﬂi . 22(3), 75-81.

[e)
=

100.0
17.5
31.0
31.5
21.0

AR
(200)
(35)
(62)
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(13 2-12] SAERE7] 27 BEL

O O

[ 2-7] =L
ARl wbEgint mSBolnt | EubEgitt
H A4 | (200) 82.5 15.5 2.0
AEH (35) 80.0 17.1 2.9
1}

Aot Add (62) 90.3 6.5 3.2

ol 61) 80.3 19.7 0.0

S33A (42) 76.2 21.4 2.4
(2™ 2-12], [ 2-7]1& E 2&AE 53] RFID 7|4t SAERY7]E
Z7) AHgAte] MEEE AGER yehglon, MAQ 82.5%7F HEF 7]7]

of tigt FrES 511 Qloke= A2 3l 4 Q.

27) AE4

28) Agd -

L en7,

AT,

ATET, BHET, 2T, 5T, 47
WA, FRF, FERT, BAT, VobT, I

29) 5 ke, AR AET k9, SHE S8 A 3T
30) S Az, e S AT

_31_



w915t

9917 3

@_
=

71d whE

]

o

AL
__OO

Bo

=
=

Jo

B2t AlLE Lo

24 AL A2

(—Aﬁ

Jo

Ho
ol

Ea

=

] Al

g 7

T
TE
=

S|

I <

=2
7H A

=

2015

Gl

gl

Alexhlet
1o
o =

At

1998
LeNet-5

(AD ¥
Sh= A

s

1
[e)

A]
HH 1943 o wiE et

TEAl2E
r O

=

— 32 —

=

_13] o]l

JA}

7%
T

1974

Sk olyledrged,

O

(14 2

al

o

rEa)

CtEd
Al HHEA  HE

T D N

EEELE
olzieiel McP

=

2

[ 2-13]9] dFAs W

31) 8. (2020).



AFAFEY E2 1956 HEMA HAmALoA 2Z ARBESGLeH o]
AZIE dFAs HE7l=r qtth O olF IFAlE FEUI7E EEisklal,
1957d &g =AEHEZE HAEE(Perceptron)e WHSHITE 1959
+ HolHE &y E2AH Hdo] y¢folE AR A4 A Sl W
d 7= A7 ST HarH e A= Qs A WA Al Ao

EASHALL, o] 7ol 1EASel et A+et FAE 2 HAsHA.

v}

anke ARSE Azde] SHRT T WA Al ol BUAW A4 BAS
Sen £ AR Al AL Holdeh 1980atelA 19909 2744 QA
Ao AAE Folde & Qi L dolole] tha ARst BIsHA A
sgich. 19909} BHRE dololS BEE PT BIAT FEE FHFOR
W e 9oy BaSe] 9THUT 4% GPU, $EAY b5 5 st

glofo] %

HAede F4e Ae] ZzIHYsEA] golt Ao Fo|HeA

F2g sk GBS ATsHe Ropolth AFAL] sl Ko Fo

A A5g FEI] 9% AREYCIS Pushs Wy Roolth spAw, 4

o mAed ] wHe EAG 4ot olERtt AYS Hitor WSk A4S

T uth ARY Bt Bopt oY e Fmslw olrk AFE et Hop
X olt.

9l7) A7AA MAlEY &L RE HaH Fsel atolu

oL
olr
o

Aoz geldel Aeh 9@ LSt ghgo] WAE gle 0393

32) 9eiA. (2020). FEAF FHske waled+EE Y, Aer o]

33) a2, AFE. (2017). Hede o837t A4 A 2 AE Ve 5 Al RRA AR
Ay, 2303), 18.

34) AR, SAQ, AsleE, o= (2017). " 719k ojulx] A4 Vas 289 AHAY
AEAAT QEye] Aage] el RbEmAde|EuiyAHES Sl =R, , 1202,
73-80.

_33_



101
g

A, Aol

o3

oo
o

2

ez

Skl

A=
—

Hlgleld Hof

Neural

N34 (Artificial

TR

o)
‘HO

s

2 7|Hto 2

Network)

]

ER =

19984 <¢F 23 (Yann Lecun)©]

o
=

g 49

R

5

LeNet-52t1!

wolt}.39)

,.__AO

ek o] A]

°

o} o]y
Ho= [19 2-14]<t

ol

1)

Eai

[

Aee A

iz
ar

ot o

szt ol 2] Uj

3 AEe

E
=

A

gt
RIESEL Nk

2ol Al 71 B2t A

HAlE o8 Abes sAll

=
an

Ly
—

S

B = (Classification)

\r

o

B, npAer ez A

=
—

gl

A= (Detection)

A4 A&e

Ej A3 o]t} 36) o]u]Z]

=
—

gl

(Segmentation)

S}
=

1=}
L

Fol mAlelg 7l& Ao

v =
= H[H Fo

5

oln| A2 914

o
~

00
Jo

el

o~

o|]

7 3

=
=

[

35) gl (2020).

TTA Journal,

=93, ,

7]

olu]7]

L
o

A5

36) o]F4. (2020).

187, 44-51.

, 24, (2018). o|m]#] 7]Hte]
, 33(4), 54-60.

v
&

sl
H
L

5
&

01-
xol

A
Al

oz,

N
ofl T

37)

_34_



Classification Object Detection Instance Segmentatlon

CAT, DOG, DUCK CAT, DOG, DUCK

[ 2-14] o]n|7] Q14l& HESH= AT
(ZA: http://cs231n.stanford.edu/)

1) olu]z] 7yt ¢dyelE g
7H CNN@AE 41739 @ Convolution Neural Network)

CNN2 dlo|g 9] EA4E& FEoto] EHE9 #dS mofshs Fxo|th
o] d1EE&e AEZFA(Convolution)3®) AT ZF(Pooling)3? H}AHS &

38) 9 Holeleln S4E FEok qTe 5

39) Convolution g2 Al #lo]o]9] Afo]2E Eo5+= I



Dog (0.01)
cat (0.01)
Vinyl(0.94)
Metal (0.94)

o

CNN2 g Eds¥ Hud uf 7|&o] He 2ol omx] FHHH
&, AR 22 olmA] HolE oA 7]

= o
= 6]
FHSAL 92E Fohfe] §-8¢ AATo|cha04e)

AE

VGGE $FTH B9S2 TR 7|24 CNNeltt, ot H|F

165(Z2 19%)0=2 Akt Aol
Zo] wa VGG 16, VGG 198 FEHL o]d =md
ts Zlol7} 2u) ol amHoz FMEe] HELst oA

VGG—1694 FzxE (3" 2-16]9F 2tk VGG-160l: mtetv|est & 1
o 3,300%F 7 At o7]oAd A M BHe HEw AEY 27= 3x3,

Hdl £ 799 A7l 2x20IH, LEzZtolEg 20|t [O™ 2-16]°M &
T U0l convl #ololE 224x224 2719 onAE Eor Werh o]o]
A dE on|R= 3x39] 4§ BEE Zh= A9 conv #lo]olE o Adut

40) J. Kim, A. -D. Nguyen and S. Lee. (2019). Deep CNN-Based Blind Image Quality
Predictor, in IEEE Transactions on Neural Networks and Learning Systems, 30(1), 11-24.

41) C. S. Won. (2020). Multi-Scale CNN for Fine—Grained Image Recognition, in IEEE
Access, 8, 116663-116674.

42) Roy, S. K., Krishna, G., Dubey, S. R., & Chaudhuri, B. B. (2019). HybridSN: Exploring
3-D-2-D CNN feature hierarchy for hyperspectral image classification. IEEE Geoscience
and Remote Sensing Letters, 17(2), 277-281.
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Challenge)el ZAsHe W0 4% Uehieh £ZEMA Fololi njxje}
dojojolet. W MY dolols LE FAH dolelE 2ET 9l
VGG-16 ol |84 AHgsHe 4 2 A4S TFE dolg AEd] @ gu

sheithe Zolthada)

rx

224X224X224

112%[112x128

(1™ 2-16] VGG-16 7]& o}7]€ A

= = =
2 A4 (29 2-16l14 BE R4EES
of 2718 AWOR Zolt AelZ WE Aoz FAd

AlA BaE A

VGGOlA FEE AL 3X39 Ae BEE AT PHTEL 50
2

43) K. Simonyan and A. Zisserman. (2014). Very deep convolutionalnetworks for large—scale image recognition,
arXiv Prepr.arXiv1409.1556, 1-14.

44) Kaur, T., & Gandhi, T. K. (2019). Automated brain image classification based on
VGG-16 and transfer learning. In 2019 International Conference on Information
Technology (ICIT), 94-98.
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}) ResNet

ResNet2> ufo]a g2 AT EA  Zjgiet d2|E07  “Deep Residual
Learning for Image Recognition”©]2h= =& WHEE A} ResNet -2
Aol A7RBS A}l shge skl 9t WRo= HARd Ade %t

gt Zoltt. /iE2 VGG "ol dget A7(195)°14 d Hotrk 1005 ©]

N7 BEE WSl 4% AP Askdrt. 1 B Fo| RolW4E o
SolA o B oeee Berh ALY ofd FWE Powd Zold o
o 8% G8e 3747 & 9t PEe udskith. ool mekd i
%

X
oo
0x
:
o

A J

S

OfO|HIE|E|
(22 0 &)

H(x)= F(x) + x

H (xr)

—
ne
Hu

— )
oo
oz |
[IF ‘
O

—
)

—
e
-

ResNet

[1% 2-17] ResNet 1+%

Al
I
0F

>

Azl AR WA ET (+DRAA 2o AAR FAHC] YA,
ResNet& i1 23 (90 92z TA4s 9t [18 2-1618 =

&4 4 Sl%ol, Residual LearningollA= BE Ago] g F& HAUHA ok

45) AA Q. (2021). Td2d dME= wbd, , Ae 29

46) B. Li and Y. He. (2018). An Improved ResNet Based on the Adjustable Shortcut
Connections, in IEEE Access, 6, pp. 18967-18974.

47) Song, S., Lam, J.C, Han, Y., & Li, V.O. (2020). ResNet-LSTM for Real-Time PM2.5
and PMjo Estimation Using Sequential Smartphone Images. IEEE Access, 8, 220069—-220082.
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= AP Agot

al
Connectiono|2t1 gt} o] HFAlLS AR

(x) = F(x) + x°o|t}. &, Residual Learning ®2]oflA A

(1) ResNete] £z

ResNet> o 2HE VGG Fxof tigt o ZofAFE AZE 7] wiZof
VGGE] Fxe}t FAbst, o & 50, VGG-19 +x9] @AF & F7151
Z10]E &3, shortcut connectione F7}5HH ResNeto] 71 7hdst 1%
7b "o o] Fx+= A TS| 19504 2565 7HA] SolHTh
VGG m7x & o 212 gojofoA AFol e3dle "ojzle wAIE ol
Aast7] Yo et Rdojrt. &, 7]&7] &8 &A(Vanishing Gradient
Problem)S &|Zstat 1otE| gt xS Algete ndz Qoawz it

A7ggolztal Qi
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(7h 71&7] A% (Gradient Vanishing)
CNNojA ztetulgE HolE —% o 7]1&7] o] |i AAY AW otE
o] Atz o]FofR|A] = Fk U ThF &
d EAE siEstr] Sls o 7Hﬁ THE

g T ol AolA™ AAA3] 71e7] gl dist AT AR

b
Hi
N
=‘?:
O
&
_V.Li
i)
N
S,
£
L

() g (Overfitting)

ol oA mEtn|g o] 7 SojutA Hol ewugol ZA7F A3

2}) EfficientNet

5
E} CNNJ gt % %—50171 2sh E%‘ 37]% 71%13—’ I gRers [O9
2-181A9 ZHolE 27 st Ade] dolE HWoli vAlt R 'grl=%
Stal siFEE = WHolth. &, AHE Ade 7ML e ABelA A
ol, Wol, sHEE 84 A A

4
T2 EolHAR AsE =Y & A
ImageNeto| A 7] [1¥ 2-19]8 R
ZOHA 6.14] W=D © :
ConvNet®] 2715 7|9+ A2 @8 2ol WHo|rh. =y Aldi= &
=

olsiE HIFLez o|folAAE QStd A o A AHSRE Wl

Hir
rlo
o
I
H-I
il
T
8
o,

compound scaling method®]t}.
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(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

Figure 2. Model Scaling. (a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is our proposed compound scaling method that uniformly scales all three dimensions with a fixed ratio.

[713 2-18] EfficientNet Model Scaling
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o}) oFAFE(Ensemble)

FFES oAH MY gt 5AHWeak Learner)E©°] Zo] FXE 5o
O-5t 7333t Strong Learnerg 449ttt B2 dlo] Q17] wfj&of gF el
ANA AdES A7 stEzte o= AR HAo] Huh =, Hrp Adnitehd

=X°1 2l
mdo] $HEE Aolth AR RRLE ofy] BFIE shte] Her BR{Y
2 AFste] ME BR7IEG § £2 4Rel S FAske Aotk s
£l 899 MErtziE A5 95 4 Ao st g2 HHe A2t
89 55 Fol MErt 1En o Asty Mgd d5e we 5 9l
ot 7P 717 Qe FE THe It 51 Aotk dkey RRs
wR719 WEkerh A5 S doles AHste et ot =,
50% ol FEE T2 SH2 dloleS AHdlth ol ted FaEe s,
o= 7MY B2 FEE B2 UL foleS st 4849

ofg] RS AMgste] WS wEshs Rd= ARE =Eshke dazddd

"wral 0 2= Voting, Bagging, Boosting®] St

(1) ¥ (Voting)

4% mdY 5 APAL 2P I/ = BYY LXE HYO
2 i,

(7h st= ®E¥(Hard Voting)

rr
n:
o,
)
o,
ol
=
(T
of
rO
A,
=)
s
of
ro
A,
£ JIN'
_I[NI
ol
ol
rir
o
R
M
J
Mo
Y
=2
X

48) M. A. Dede, E. Aptoula and Y. Genc. (2019). Deep Network Ensembles for Aerial Scene
Classification, in IEEE Geoscience and Remote Sensing Letters, 16(5), 732-735.

49) Lim, P, Goh, C. K, & Tan, K. C. (2016). Evolutionary cluster—based synthetic
oversampling ensemble (eco—ensemble) for imbalance learning. IEEE transactions on
cybernetics, 47(9), 2850-2861.
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(3) F~H (Boosting)

Jo]E&) vzt oluf oA HHE(Jteration)
HHE

Hog
25717 wEelA U 1%

cHAe ok SRSl dE ANE weem o SHAH(Me
Learner) 2 S}5A1A & A5 = A& Uttt Meta Learner
¢t ool "ashH, olm AMEE+= HolH+= Training Datao tiet 2} oFqh
stertEel olx shagte] Reolth HAT WAS 98] F2 k-Fold Cross

Validationg& ©]-&3kc} 50051)52)53)

7H CNN&AHF 41739 @ Convolution Neural Network)

et BEQ FE] IF ARE shetl lof o ajles Ffo] &
Amel WA Ee 508 =5 A¥ Ads I ot ZAS Hetst
12 FE AFFCNN) 2R I S5 Shaotll F4d 2 =% o
= Floll Aztet 7S ARgetth Ale} Zide A8s) Ed WA I ]9
of 29, £E A1 5 9 o 899 9F Ee ZddE FAYL olE

50) A=A, 2021). "HEY "AER wabA, , Ae A

51) AEEAEE 2pA7E vks|= mibefe], e, (2021). MojAleld wabA with mhold, ApolZld,
HAAZ20CNY 38, , A& 2

52) https://tyami.github.io/machine%20learning/ensemble—1-basics/

53) X, Liu, Z. Liu, G. Wang, Z. Cai and H. Zhang. (2018). Ensemble Transfer Learning
Algorithm, in TEEE Access, 6, 2389-2396
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Adsto] glel olulx] AHelS Aed BE GG E@ste] CNN A%
s Jlde Bo) V12 4 Gl 2% B9 JET NS AR
Beg 4 97 shartsy

A @A AgEE AA A 1A A BES dejho] 1]
A5t Gl AFIA Wold TR Q8] WA AAH/A7H £
2 #Hasksly] S CNN 713t gede 2gste] dojdo] Aeg 4st
Sl BRE 4 Qe dold 1y Aw /WS A8 BHEE BAster

59
o

A= 7]E HARD 100%0] 77k A 4S9 E B

) 5

Sol A WA BEAL Wed 1 FolAE AAdw wels Azt
B} ofo] A o]g WA AXHE Adste] H8e, 2FeH, BFo| &
A W AL e 9% ALES AEsiAnt ofrjols ma more] Ad
2 ALg3HE ol A CNNE AFgste] S ZAshe A2dloR ol
= ool 2o ohe B4l ohel 7A LmeEuT Aol $45 Zow

Ehte}50
OfolE HNE AT ALE A ¢4 B <ol ol olmxE ONN

om Sate] ojFe ERdt FudEe Adsigt. ONN s5e 9
7} olzo] sl 1A AT A4S AsIYon], oF BRASS kol
o) G4k olulA o] e L dolgAl 13 A AARAT e o

A olulAE @A doldA 28 FAste] st R HAE HolH= A18d)
of dlolElAl 1of tia] 99.97%, HlolElAl 20] ThalA 99.5% ol4ke] Hatws}
vhgieh 7

54) w2, olAl, WU, TAT. (020). ONN @ mel A7k} 7| A3 9 BE B
w, tigt7]AISHe], 44(11), 835-842.

55) M, AE. (2022). CNN 71 Hefde ol gt o 1wy wIgke] Ashe 9 A 23t
= 24, AR AR, 18(D), 718,

56) AAE, oA, olwlg. (2016). CNNZ ARt AMIHAE AlLH, dietivo =gstel=2A,
11(3), 163-171.

57) UPIE, 98, R, G (019). ofF BRE 91T CNNO| 28, AFHRFAI
=4, 23(1), 39-46.
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) VGG

A Qo] digh Iio] Eolx|ar St ST ©r] wwol A o
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2 "4z golEygelth. AHofkye  REZE  tigtulofA
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Fx=2 dUHIEHT &, AGAE Aoty HIAERS} A AR
7 BSE o] & ogtojuelE] AtolE HA HEE £ A HA
o} 20169 9ol HIAERE 7|&HoR A&t 5 29
7] MAEZE HQlrt 201790 Zetio] 27]9] A2 #AlE FHdo] 7t
ek afo|F2 AT EL JRRE CNTKe}F ofufEo] /et MXNetoltt. 7
a2 Aokt CNTK 82 A= glck. MXNet ofnf& Hho d2] Ahg
=2 greth oAl Alftis IAERE ARSSte @Y WE APIZF E QI
Aetast AASEE Ut SA8RAC] gl 201683 201795 Ay
WA Agtres AAERE fEYAClAS TEE AR HFAQ] HyoR
AAEZ AR 22 AHEAE FYAF 201749 & A&
o] HINER AHEAHE AlZAE ARSSHAY At "IIAERE ZHoto]
AL 2018Y HIAZ 2L AIEtAS EAEZRo] FA] 74F APIR A
Ral, AL APl 20199 9o dla H ’XE=R 2.09] H4ojx H
ATol A =Hgch BAZE 202 4d7k0] Agx mewn 74 3hd
ot HAEZER} AfAs AHH R HHAT Floth73)

4

.

filo

AeFE BdS A A7l diAl AR A olde] FHHdd ojujz] £
F g A8 4 ot AgkA= ImageNet Large Scale  Visual
Recognition Challenge(ILSVRCO)E 9Jall ottt A+ 2Fo] 7HEst & =3
St ojul 25 mdel ge oE ATA. 20149 GEN A 4=
AE VGG-16 2do] tjEAo|tt},

~

3) mepaol &, WAL (2022). Al FAAIA) v Held A 2%, 4edd
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sto] et A} mx o] §-83 75 S AAF & W7 wEel Azt
AHgoE7] E2 mdolrh, ol Z2 ¥ Fo LR [H 3-4]9t Zo
VGGl6 REle 2Tty goFst 2 Qth74)

[# 3-4]% ImageNet 2ES #AgA glolHelg]E2 Agste] 2Esgy,
S8l ImageNeto] 28l Zo4 VGG-16& A&t CNN 2de [L
ZA stk PR Ae o
244, 244, 3) F= AL &

k)

4 Aok dEgke] g Fx o] (num_of_images,
= Qlt}. o]AL o|u|z|7} 244*244 RGBR2| 37
S oujgitt, RHES ARESle] 22 o ¢

514

Zet Ade 2 v A

ox
filo

97t BEo] PAFE olulAE olgt 2L RTEAS RTE AT
o} k.

£z 1,000 LIS 2 22 FAF 5 9rk A4 ImageNet
2 AFESHE 20,0007 Uk st TS ERT 4 Aw Sest Agots

292 229 Subserd! 1000749 Felxe 2HE AFUL o =

74) Karen simonyan, Andrew Zisserman. (2015). Very Deep Convolutional Networks for
Large—Scale Image Recognition, Published as a conference paper at ICLR 2015, 1-14.

75) https://gist.github.com/yrevar/942d3a0ac09ec9e5eb3a
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3-4] VGG-16 Model

Layer (type) Output Shape Param #
input_1 (InputLayer) (None, 224, 224, 3) 0
block1l_convl (Conv2D) (None, 224, 224, 64) 1792
block1_conv2 (Conv2D) (None, 224, 224, 64) 36928
block1_pool (MaxPooling2D) (None, 112, 112, 64) 0
block2_convl (Conv2D) (None, 112, 112, 128) 73856
block2_conv2 (Conv2D) (None, 112, 112, 128) 147584
block2_pool (MaxPooling2D) (None, 56, 56, 128) 0
block3_convl (Conv2D) (None, 56, 56, 256) 295168
block3_conv2 (Conv2D) (None, 56, 56, 256) 590080
block3_conv3 (Conv2D) (None, 56, 56, 256) 590080
block3_pool (MaxPooling2D) (None, 28, 28, 256) 0
block4_convl (Conv2D) (None, 28, 28, 512) 1180160
block4 _conv2 (Conv2D) (None, 28, 28, 512) 2359808
block4 _conv3 (Conv2D) (None, 28, 28, 512) 2359808
block4_pool (MaxPooling2D) (None, 14, 14, 512) 0
block5_convl (Conv2D) (None, 14, 14, 512) 2359808
block5_conv2 (Conv2D) (None, 14, 14, 512) 2359808
block5_conv3 (Conv2D) (None, 14, 14, 512) 2359808
block5_pool (MaxPooling2D) (None, 7, 7, 512) 0

flatten (Flatten) (None, 25088) 0

fcl (Dense) (None, 4096) 102764544
fc2 (Dense) (None, 4096) 16781312
predictions (Dense) (None, 1000) 4097000

Total params: 138,357,544
Trainable params: 138,357,544
Non-trainable params: 0
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7h) 24 olu)A

AA| oluA sl neEE 247t ZaAdeld 504, dFE dHele: 20
A % 10 Astel 80:20 &= MestAe. ole@ HeleAe /T
298 ITeEL AT A2 dolHg Bgstel BUN AFol AHE

UM ERd 22 4se SASH] s HAE HolHE AR
L) F2 ofmA]

T

R ojuAx slEueds ztzt Fddold 30071, dEE dolEHE
10070 = 807 AAste] 80:20 H]-&& AlestL).

7
o AoEs el Ao obx A% sa} e FHoka] QLT HlolelE
FRelA o] WEe ol ReEol A A5ol Foh WA 4 gk
HF79] A5/ EE AT (Accuracy), 2 FH(Confusion Matrix), %
Y& (Precision), Ad&(Recall), F1 A3 o], ROC AUL 9Jth

A, AT A4 doldeld o5 dolest Gkt ZeAS washe
2| Fo|t},

HHrL ypgor wd oz 438 el Wb Amoldh shAwt
ol £79 A HolH Ao wEt B 45S g5 4 7] we
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o] HRoA AL ZIEE Z 25 921 Y (confusion matrix)-

Hof 5 20 o15E SURA Qo AT confused) DA
@ weiFe Amole,
o WAL thedt FL AR W AA) dold FeAg % ol 2

qUT §BE AL WIHLAE ehich, 42 We] 9%, o

2 o=59 22 3 715S 2 Negative®@l PositiveZ2 H70HH OEﬂi =
43 wat A4=+E TN, FP, FN, TP @iz o4

FEo 458 He A= 4 Aok TN, FP, FN, TP gt2 wdstA 2eds) &7

rl

% 4e L77F ot Rgor WSt & o e Zolt.
Negative(0) Positive(0)
Negative(0) TN FP
True Negative False Positive
HH S~
(Actual Class)
FN TP
Positive(1) False Negative True Positive

(13 4-2] 9= Z A (Predicted Class)

TN, FP, EN, TP+ A& ZeiAe}t A 849 Positive 24 gEEEDI
Negative 274 @ 009 Agel wet 2AHHE AE 59 TN True
gkt AR SEAgto] dobe 9
nja Fo] Negativer 570l Negative gholgt= oJujojtt, &, TN 9=
2 Negative 4f 022 A S53+=0|, AA 4 X Negative &L 0°]2t= &jnjoltt,
TN, FP, FN, TP 7]&7} ou|ot= AL, oF &4 True, False= A&7 4
Agrel “E27H/ERANWE ouldttt. § #AF Negative/Positive= o1& A}
ol #480)/378(D)< oJnRitt.,
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o TNE &3S Negative gl 022 =57 XA 1 A Negative # 0

o FPE 9JZZ1S Positive 7 12 ZF 7 & # 94 Negative 0

o FNE &7 Negative # 022 AZH 7 XA 71 9] Positive 1
o

o TP 95FE Positive gt 12 G5 g=0] A g GA] Positive 7 1
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2 preision™® recall
Fl 25 = = 2% T
°l 1 1 preision + recall
recall  precision

T A ¢ rmdo] A9 AULTL 90%, AFL0] 10%= FHAHQ Afo)7}
B & @2 LRIt 50%, AA-E&e] 50%2 FUEet AHA-go] 2
Zo]7F itk A o= mdo] F1 AFolE 18%°]1, B o= REe] F1 A
Fol= 50%= B mHo Hg wj-¢ 53 F1 A5 015 7| A Hrh70
2 Az 2dd o] Ed FERAAR o5 2R do]gAlel gt
AsBH7He otath. AsB/EREE ASE, YU, QAL Fl A5 F

4714 A x 2 SHH

76) HAERL (2022). ool mAlEd o Tholt, | A S7IEA
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A 24d rdd o]EF JLEAAH {HAE U}
D AA om|Ajef] 284 B 7 At

A4 ol Ao gt loleAle] HAE HojH BFAAL 674 FhHln
g2 BRatelnt. 507 Ak %

A9 & (Precision),

SFAAL, A dlofEof it A, Yk,

[ 4-1] VGG &7 a9 HA| o|u|zx] &7 A}

Precision Recall F1-Score Support
#0 0.7761 0.7647 0.7704 50
#1 0.8028 0.9344 0.8636 50
# 2 0.8261 0.9194 0.8703 50
#3 0.8154 0.8548 0.8346 50
# 4 0.8028 0.9194 0.8572 50
#5 0.8358 0.9032 0.8682 50
accuracy 0.8284 300
macro avg 0.8098 0.8827 0.8440 300
weighted avg 0.8098 0.8827 0.8440 300

[l 82.84%0|1 AWL HFL 80.98%0|1 o]FdA L
)7} 83.58% =A UG # 0(EF)7F 77.61%% 2FA Y
J2 88.27%°11 #1 (M'9d7)7} 93.44% = Uehtal o
27t 76.47%% @7 vrepgth Fl A:foi YA 84.40%° 1

NI
m m:lo :lm O_|_4
okl
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[3 4-2] ResNet 27 ZHo] AA| o|vz] 27 &3

Precision Recall F1-Score Support
#0 0.7361 0.7465 0.7413 50
#1 0.7397 0.8438 0.7883 50
#2 0.7895 0.8955 0.8392 50
#3 0.7500 0.8226 0.7846 50
# 4 0.7857 0.8871 0.8333 50
#5 0.7808 0.93.44 0.8507 50
accuracy 0.7838 300
macro avg 0.7636 0.8550 0.8062 300
weighted avg 0.7636 0.8550 0.8062 300

AAHN BEgEes 78.38%0|1 AEUE HHL 76.36%0]|1 olFolAE
#2 ()7} 78.95% =A Vet # 0(EFH)7F 73.61%= A LreRTh
AHE B2 8550%011 #5 (B2ER)7t 93.44% =7 UeRta o] o
Al # 0 EH)7F 76.47%2 A Ut F1 250 H+t2 80.62%°]1L
#5 (E228R/)7F 85.07% =4 YedaL o] JA # 02877t 74.13%=
A Wb

_73_



[¥ 4-3] EfficientNet 25 Rdo] HA o|n|z] x5 Ay}

Precision Recall F1-Score Support
#0 0.8286 0.8923 0.8593 50
#1 0.8143 0.9500 0.8769 50
#2 0.8219 0.9524 0.8824 50
#3 0.8000 0.9333 0.8615 50
# 4 0.8028 0.9661 0.8769 50
# 5 0.8406 0.9508 0.8923 50
accuracy 0.8284 300
macro avg 0.8180 0.9408 0.8749 300
weighted avg 0.8180 0.9408 0.8749 300

AAAR A 82.84%°]1 AU BFat2 81.80%°lxL olFolM=
#5 (BH2E7)7F 84.06% =A YEAL # 3(FR)7F 80.00%% WA
Ehgth AdE FTEL 94.08%°]1 #4 (2717t 96.61% =7 Vepual #
02877t 89.23%= WA ettt F1 ~30] B2 87.49%0]1 #5 (&
ZtAER)7E 89.23% & UEhdI o] IA # 0(ZEBF)7F 85.93%=2
LrERE T
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BE olu|z]o] gt flo]gAle] HAE dHoly ERAA= 6719 7HE|1g =2
HEFotdh 300 thet ZF &= BR Ait= AT (Precision), A&
(Recall), F1 237015 =A3t91, AA dlolgof gt ASt=(Accuracy),

=
A A&, F1 AF0]E S5

[ 4-4] VGG B5 2o B2 ojux] &5 27

Precision Recall F1-Score Support
#0 0.5132 0.6760 0.5835 300
#1 0.5940 0.6791 0.6337 300
#2 0.5543 0.7317 0.6308 300
#3 0.5076 0.7186 0.5949 300
# 4 0.5015 0.5714 0.5342 300
#5 0.5483 0.6725 0.6041 300
accuracy 0.7197 1,800
macro avg 0.5365 0.6749 0.5969 1,800
weighted avg 0.5365 0.6749 0.5969 1,800

AAAR Az 71.97%011 FUE B 53.65%0]11 olFoAlE #
1 (HIE®)7F 59.40% =A WeEhta # 337 50.15%2 @A b
o ABE BFE 67.49%0|T #2 (AF)7F 73.17% =A ety # 4(=7)
F)7F 57.14%2 FA Uehdth Fl AF0] BE-S 59.69%°11 #1 (H]ER)
7} 63.37% =7 GeRGa o] JA] # 4(=7157)7t 53.42%2 @7 ety
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[# 4-5] ResNet 27 Zdo] B2 oluz] 27 &3
Precision Recall F1-Score Support

#0 0.4464 0.6858 0.5408 300
# 1 0.5650 0.6557 0.6070 300
# 2 0.5473 0.7333 0.6268 300
#3 0.5079 0.6389 0.5659 300
# 4 0.5194 0.6569 0.5801 300
#5 0.5755 0.7295 0.6434 300
accuracy 0.7172 1,800
macro avg 0.5269 0.6834 0.5940 1,800
weighted avg 0.5269 0.6834 0.5940 1,800

AAA At 71.72%0131 FEE P 52.69%0]11 o]FolA=
#5 (ZtAER)7} 57.55% =7 UERT # 0(ER)7} 44.64%2 $A U
Ebtth @& HHFS 68.34%0]1 #2 GAF)7F 73.33% =A dERGI # 3
(UHE2)7F 63.89%= A Uebdth F1 230 Hde 59.40%°]1 #5 (&

BtAER)7) 64.34% = YERdI # 0 (

o,
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[E 4-6] EfficientNet 25 mdo] Ba Ax}

Precision Recall F1-Score Support
#0 0.5217 0.7215 0.6055 300
#1 0.6025 0.6979 0.6467 300
#2 0.5543 0.7453 0.6358 300
#3 0.5278 0.6376 0.5775 300
# 4 0.5182 0.7810 0.6230 300
#5 0.5926 0.7080 0.6452 300
accuracy 0.7489 1,800
macro avg 0.5529 0.7152 0.6223 1,800
weighted avg 0.5529 0.7152 0.6223 1,800

A A= 74.89%°]3L HUE Bt 55.29%°]1L o]FoA=
#1 (HdR7)7F 60.25% =A YEUAL # 4 (7157 51.82%% FA U
yth, QEE BFL 71.52%0]3 #4 (£7]2)7} 78.10% =7 LFERT # 3
(WEH7F 63.76%=2 FA Uebgth. F1 AF0] B2 62.23%0]1 #1 (4]
d2)7t 64.67% w7 JERGD o] A # 3uHER)7L 57.75%2 WA U
Wt
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dlo] 742y 525%, 9.25% AUE7F =A UE T EfficientNet @] VGG
TEET ResNet HeofA] & zpolE YERHL .

BE olu]|z]of tgt ReElE AT EfficientNet BRdo] 52.17%, VGG &
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oY £0= EfficientNet @0 Ztzb 0.85%, 7.53% AEZ7t w7 Yebd
t}. EfficientNet R@o] VGG REHTH 2436t 2jo]2 =31 ResNet RE o
A Z ztolE vErfar Sidt.
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ABSTRACT

A Study on the Application of Deep Learning for
Foreign Object Classification in Food Waste

Kim, Yong-II
Major in Smart Convergence Product
Dept. of Smart Convergence Consulting

The Graduate School

Hansung University

There is something that has increased with the rapid development of
modern society into industrialization. Those are all kinds of household
waste and food waste around us. Moreover, due to COVID-19, which
began at the end of 2019, social distancing has led to more time indoor
activities than outdoor ones for nearly two and a half years. As a result,
the food delivery culture has developed and disposable containers and
food waste have increased.

Disposal of food has become a social issue because it is included in
the food waste that we inadvertently throw away. The foreign objects in
the food waste that are mixed and discarded in this way must be
collected by someone during the recycling process. For this purpose, food
waste resource conversion facilities are installed and the refined food

waste usually are used for composting and feeding. The main purpose of
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waste recycling is to reduce costs and protect the environment by
reducing food waste. However, maintenance costs are increasing due to
facility damage caused by foreign objects in the food waste filtering and
collecting process. In fact, these problems can be easily solved by using
food handlers that can be used at home, which are often seen in TV
commercials these days. However, there is a real problem. Most of the
pulverized food handlers are sink—installed disposals, which is a method
of pulverizing food first and discharging food treated secondarily.
However, there is an illegal controversy because the nation's sewage law
prohibits the discharge of more than 20 percent of pulverized food into
sewage. And also other products are controversial due to the burden of
filter costs, electricity bills, and odor problems.

Therefore, this study recognizes these problems and attempts to
solve them by using a deep learning model to classify foreign objects in
food waste. In order for the experiment for learning process, all the
public data was collected through AI Hub, an open data site. We tried
to find the optimal model through comparative analysis by applying it to
various models of deep learning. Based on the collected data, three
models of image—based classification algorithms VGG, ResNet, and
EfficientNet of deep learning were selected.

The experimental method is as follows. First, the image of
household waste is tested after learning and verifying. Usually the data
classified as household waste images were actually decomposed and
mostly mixed with food waste, so the comparative measurement was to
learn, verify, and test with similar images obtained through data growth
and transfer learning. Six classification models were created for each
algorithm to measure the classification accuracy of the test data of each
data set. The EfficientNet model was the most accurate through the two

experimental measurements, and the final measurement was not higher
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than the entire image, but the accuracy was not much different from the
partial image, although it was much higher than the partial image.

Based on the above results, the proposed idea in this paper would
be used to classify foreign objects in collection centers and private
facilities. It is expected that workers at collection centers would show
high productivity and also automation systems for recycling resources
would be deployed quickly with better working environments and safe
working and stable facilities. And it could be expected that we can
greatly contribute to carbon neutralization if we can recycle resources by

separating and operating systematically.

(keyword] Deep Learning, Foreign Object Classification, Artificial
Intelligence, Carbon Neutrality, EfficientNet
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