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Abstract

In demographic shifts, changes in consumer patterns, and heightened
uncertainty, traditional retail enterprises are experiencing a sense of crisis.
Nevertheless, 1nnovative business models and digital transformations have
propelled some retail enterprises to achieve remarkable growth and success by
maximizing customer convenience and enhancing operational efficiency through
diverse technologies. This study aims to develop partial image recognition
technology applicable to the situation of unmanned convenience store kiosks,
grounded in the Retail Tech paradigm. To address limitations in previous
research concerning the technical and empirical approaches to partial image
matching, this study proposes deep learning—based partial image matching
technology utilizing semantic matching and cross—verification to improve the
accuracy of image recognition technology. The developed algorithm achieves a
accuracy of over 95% in various visual scenarios, contributing significantly to the
advancement of image processing and recognition technologies. In addition, the
developed technology, designed to consider most noise situations in the
application process of image recognition technology, is applicable to various
situations, including the logistics/distribution field where this study was

conducted.
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AXI g A3EE T 7legald AR GFS Be E RS o] FojA L 3l
ok gk, =7 gF g o] Fu el mat A dlellA 2 2E 719 gkl AX L
Ath(e]AA 9, 2021). 71&S 88 4T Z=AS HQA HAIALS o= A
= 719 BAEE el o] @ Aol

2 A= U AH A(Retail Tech)E vlE o2 HIIH AH]~9] by} An] 9

UAEE} AaEa Qi sbed Tl Aoy ez d3 AT F A o
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o=, Ax 99 a8 avA AR HH S Foled Vdste BE A
st g dH A0 Al dE FAHEE & F Uk QoAM= ofnkE
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A F 9 mdojth(o]dFE, ol F$, 2018). &aMA} mjFel Eo7ke Yate AES

e F ANNE AXNA Fa ez EE g F QU @k oulelA Just
0 . ‘Just Walk Out's F@3t7] 93] ol 54 g

Fhllets wigel Asta shvier AlAsh R WA, HeEd VEs 28

=
b
tin)
o,
ke
4
i
g

obvlE ;T EHE AT Azobye] Ashe st QA gL AT

o B2 A= 7] AR Al AS HeAdol Ao, gAY B V] =
S =0 wWE AMP|AE Ao ue] ) AMFE FFgele 7o 7rshst
4 9tH(Polacco & Backes, 2018). o|A & olnlE 1 7]&d2AS 53 Avjd e
v E RAFAAT dA AA 7 WA = Aoz HAY, gy Vs B8

S AAY A5 e g A avie] dEE A e Ao o ddn

el M= ontE247} ofwbE aiok AR FEje] 9l WS 2021d ke =
Aottt felntE24 2nE FARR e a7zl 20 AN W Ao R AA
He wAow dHATH o7l dFAE, HFE v, §4 04, 9=
POS(Point—of—Purchase) &< #HYH 7} A& AT o] v <k 7]9~3
g 3 A AAER TS we § EY QRIA=E o fAetal w2
ot AES B3 v Aeor AAEE wAeR, ofd WS AXE Flal
(Just Pick&Go)'2tar A3t} o] dAd 3 BH&FE(2021)2 o|nfE24 F¢1 wj7o] i
A Aol A ol gk JIFE MALAE AT A, AA, &4, A
g, o2, Avlidel Aol =7l aolds AT dA= 100% F-91 iR
T TR Aol wigs dEsta Aol AZAN AagoR g8 sleolH e
= Feprb s vk olA® Tl HeH x9S fdAe ddd JrlEs
dew s, 53 AAE AetA <1Aek= AFE v 7]Ee] aqdn

\\}

2 AT oA 914 7= A&

A5FH ¥ (Computer Vision) 715 T stuel 13A 5 o|n|A] 14 7|2 o]H|
A W EA ALES EF(Classification), 73 (Detection), J AT 2 2AHsle] &
(Segmentation)3}t+= 7]E % (Bao et al., 2019; Liu et al.,, 2018; Saritha et al.,
2019; Zellers et al., 2019), ILSVRC(ImageNet Large Scale Visual Recognition
Challenge)®] 7155 Ao B ofn] Aol 145 (94.90%)& F9dto] H<L 98.7%
£ A3ete FEor wdste] tke ol A&Ho] o(FAR 9, 2020; °o]F
4, 2020). 92199 LHoE JAFAF o|nA Q1A FFEE A SHA A9

—
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TS HAWVIE SIRAIN Ax, ER/AE, A5, AETY, O 5 AA A o
Ao HE&HAAMFE AE Hola Jui(e]F4, 2020).
A oA e HA olm A7t E8HT] oA AFTt Bol, HF&E olH A W)
7S A AdE Aart dashy oo gk 7|eH, ASAH Hol FA A
o] dAolt}, oldd st A, Algro] el EAZE floy QlEAl
AHAIIE HHA oA (Adversarial examples)®] FA|7F WA= 5
(Eykholt et al., 2018; Goodfellow et al., 2015; Thys et al., 2019), E#
(Blurring), X7 (Fogging)s @Aol|A &slA HAE 4= = o= U vl &
3|
2]

o
o
o, I
lo

2

o

A (Hendrycks & Dietterich 2019), %384 Hx}(Photometric variation), 7]3}&}
A=} (Geometric variation)=A (Kim et al., 2017) So] 2A3te] AA| AFstol A
71w AZrrF dojx &8o] o Asle] X & Qi)

<19 1> A A Oﬂxﬂ(Adversanal Examples) 2] Al

THE] (57.7% &) adversarial noise 212 212:0| (99,3% &)

(A Goodfellow et al. 2015)

2.21 BF oluA WAL A% FAH FA4 Z49 BaA
olefdt @Al ATH A8 @ ofg Awst Ao, WEAA AR} obnp
Fo] AN g P AL ofrkE ot ofE 1 ol Eoi7kA 4

=}

[e)
a8

Lo

Aol ks AFS vkl Heon Agow uAe] o] s ubtyel s
AFE Fi agol v Aok #HlE S3etd Asor AAE Zhsattt. ofnt
= e aAs st & Aol tF olsS FAs] AF 543 AHE Al
o AgstA Aty 9 olvA 14 VEs d&sta glon, AATE e o]
slol ARG 100% el AEieE Hols olvA] 14 7)ol dadh Folt
SHAIRE, A AFEel A AT Furel (e tYT =ol=(e.g, A0l AFS A
& W L AlEelst stee= Ak Wjo] wiA A, AlEE He 4= 2 2
AR Tol WA= 7)aketd AL, Wi Weo 2= Sol wE 38 Az, A%
aZjol opd Wi el S zto} AXste= AA oA, W/ dEadAe] 2= A
= A% 27 Tl d&aty] A dF G Fo] shdlgE 8} FAlA Ak e

>
=
[~
o
of

of

F8 4] mi242 M55 20234 128 29

il



2 sdegs e JhvEst Zesta
ol& Qlgk ALF F7kel wE WM& AZE G ERE ofye}t, A (Transaction)
A Aol A sk ojm A HlolE] o] F7]3H(Synchronization) &A= ¥ HF& 2
T A Ths Aol EAET webA, IFAE o|H A /1A Tlsmo] Al Ao A &
AstA &&57] fiM= B oolv A i S AF FAA A 54 (Potential
similarity measuring)©] 7FsalioF atw o]& F3g AA| FdstoA o WH3F A w

2 ¥d 5 Aok
[II. 7le/lE Zgd¥93a € AHd3y-E

3.1 B8 olux] WAL 843 sleNL =AY

B )

stol 713 FAEIL B oluAE AASHE B BEFFHAAT 9, 1999 A
WA 8l 2010).

34, A9 oln|Ast AR olvAe FEAE FEATH(Step 1). L)L AR o]
MAE 2AEEA A RE o] A5E ALgste]l Al olulAst wsste] Aol of
vA o] Wol Agske] Fpolzk AR el SRR AT FAE FHS A

@ WolAS BE S AETTH(Step 2). HAGOR, Ae] ofuA g} A o]
HA Zhel fAME BAS @THStep 3). Mol AS BEPE B A4 daq
o B3 Y AT Aol westel Hae] FEAT W T

oo

98 9= T=
2AAS T, s5A 2EaR s GHo fEo xS e Aol 9
AR7F L =S S ojuA] FARG AAES $1% TP A <29 2> &2
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<29 2> ofm A AR ARt e

3.1.1 AJAE A3 (Semantic Correspondence) 7]&¢] &-&

aAel FujE Ash= AlFel g olw A e} A g dlolHdl EA8= olv|
%”%6‘}01 7?” Akt 94S A (Retrieva)3hE 71€S 483517
FEE getarz gtk AlE o] Q1A Al
A= 2] FAH, A wE ddE A
Ao Aele 54 FIHAESZ AFAFoR
Fo}. Kim et al.(2020)3 Sucontphunt(2020)2] <70l A
¥ RAS VMo R F3TA, v|etetA Hake] Al 5 xdAE
5

=
& @gate] ovx WES Sl

3.1.2 5334/71515H4 A A A2S AT wAHT

Kim et al.(2016)9] A= E3] DASC (Dense Adaptive Self—Correlation) 7]<
S @3] "Wy BRI (Multi-modal), HE 2=#HEZ 2 ofg(Multi—spectral dense
correspondence) 502 =343 Ha} EA 9 Ao /5T 5 d&e Busin
ol &3t g, W (Scale)¢t 34 (Rotation)? 2 7]|3tstd A& 84
371 8] Kim et al.(2016, 2020)°¢] A|etst GI-DASC(Geometry—Invariant
DASC)E &&3alqith & WA AREAIE Ar|2E ARgsts et #Agl=
AFE Q1A o] 7heet=s ghrh, Hgh, EAlske= 7|sketA WE s 01]%‘% T A= H4
st 7l&=s Jidetarat ek, Kim et al. (2017, 2018)°] AIQkgk DCTM(Discrete
—Continuous Transformation Matching) ZH Y AE vlEF o2 WAHFTS Y3}
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WA BEe A4 4Rl B A5d FEow =S Hleg, TEF A
ZHA ol = wmF Aol A o] W A SR 95% o) " 7|§k i ojm| A nj
7)20] Aol Fwrl e Bl 71925 (Kiosk) AdolMe Az

p=]
=2 AYgrR Hgo| 7hed daugFs st} s F
71920 Mol 3 AStelA=(1) o] AEFS HAAS W AF olvjAe] I
7t @ 4 Q3L(Partial Image Matching), (2) $7|xle] T3 22 +=H 3144 Q4
4

S v A 4 9l oW (Photometric variation), (3) ZvjxE= AF &

o oft o

mof

JAF o] AE F A (Geometric variation), (4) AZF} o] ol HjAHe
Helo] Q12" 4 glil(Adversarial examples), (5) ¥&/Ws 2% A= A 2H
(Fogging) 59 #AZ2 A2 /{7t 2 7hsAe] thdstA EAste], oy 23l

4887 9@ SnF AL ARsn fPow B 5 Ak BE ouA w7 )
Mo oluAe] P¥ Ang Agetu, 34, WA HHelwm, ovq Rl We
glol T g Mo T Hsgol Bk ABHoRE B ATIA AT 4%
ARE Aot ARE BEL W, FAHS BT AxZ S5 AR
LS olug wrh

3.2.1 &R AA 7o §AH FUT 4F §F 75

2utd ) FE » e A & LAlelA E7] » Fuls| Y A|EFAE B LA~
27 » AEAAY du HA o] AALHA o]oj A= WA AntE 5
de AAsdTh AMEAE S Ad9ete a5 (Take—out action)2 37
ntE 71923 vl 478 BAElel ZhHetE AX (Fhelete] 7
A AAednt. Fhelet 4th o] Alopzke] jto] aiAlo] AlFEE

sL5F 2= =
FT F 9== Ay

& H
e PN

3.2.2 374 HolHE &&% 71E duF M

AFGTE HE7] Ao 71EAQ dagE RS 98 2EH = Grocery
data, CUB data, Airplance data, Stanford data &2 &7 ©°]¥ (Public data)E ®}
go 2 architecture: VGG16, VGG19, ResNET34, ResNET51, ResNET101,
ResNET152, densenet121, densenetl61 59| &daz]Es &gt A4 71& A

€ ARl BT = A= FARE AAlE e HAakm jls Ad 5 =AY
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370 "ole e fFAtsAIRE 27 & 9719
= < F2(juice), $F(milk), 7 -Fr(oat—milk),
L AE (o atghurt) AP 38 (sour—cream), & (soured—milk), - (soy—milk),
T2 A E (soyoghurt), &7 E (yoghurt) o]tk

AAs F7) do]E(Public data)e] ¥ EZXE 10 JA(PixeD® 3, FHo R
w2 oA Zepd 7] (Cropping) & ek dth. ARIE R oF 170709 E4d3std 224 x
224 A7)9] oM AE AAste] darglF o] &&atglen, T/ HolHE &€&

AeAs dargs 7iEe) 3+ A= <x 1>3 2ok

<E 1> %A% FuLE A% B2 Aot
CUB Dataset Stanford Dataset Airplane Dataset
Resnet 101 58.9% 64.3% 67.8%
Resnet 101+STN 84 % 76.2% 85.21%
Resnet 101+
- - 65.14%
deformable(5c¢)
Resnet101+
61.9% - 62.23%
deformable(5b)

2 Ao A= AgA dAlE Hast & ¢ e ol AAE 5 AA 48 7heA
o] & ¢ &71E Ao Al dugEs 5T ol B4 A7 A9 =
7] R 85~88% Atolo] AFLE FuE = gk thut, T/ dlolE Akge &
Alle.g., APRIS] 24 gl A ofA & Abdlo] BEAl A4 Rsthe ) E 7HAL =
v, AA dloly g g dugF s Sd SHAE SEdo AA 494 &
go] 7}k daglE o] vhed Ao ydEAL 53], /) dolE ) =3
A AAY ZAA Gd/FaHAY, RestAY, BREY T 2ol AR &
o FAZE e A FEsEe], d5E& dHolHE AEA #FFsta ofwH oA
(Annotation) 3t A A FYB 7Ll dgon, o] E3) 95% o] A

FEF 4 FaelF el 5B Aow s

3.2.3 A dHoly &X W AT

7HHL5 71 duglES 1eskstr] 98l EAlshE E ) dolE fjel A A o=
e F 5070 AlEel tigk ojnx] &4 2 o] :¥ o] M (Annotation) FH-S T3t
St} oluA] of:=Elo] S 9la] CVAT(Computer Vision Annotation Tool) & HI=
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AA skl om, oF 8,000 olmxE FHaGl. HolE gxr F oux] dojH=
6:2:2 ¥]ERE SF58 dolE(Training set), A58 dlo|¥(Validation set), H7}&
(Test set) o= vy diugs 1Lsts Tt JAFA T 718 ojnx] 14 13
o] ERAEE Byl A&l WEHY AEE(Precision) ¢t A& X (Accuracy) & 54
stglom, W HL 5 SAste] AA Au2s AT dSelAe] A8 THsds ASst

pia=

AU 2do] I (True)olghal w73t A Fo AA HQl Ao nj&=2 FA A
=& (Positive Predictive Value)8tal®= E#th AW %=+= TP/(TP+FP)ZE AAtE o,
el 245 48 d5eS u (<t 2>).

<¥ 2> AHUE A4S 93 +F/FE
R
True False
True True Positive(TP) False Positive(FP)
SRR
False False Negative(FN) True Negative(TN)

True Positive(TP): AA] True¢! WS Truedtal o= (HY)

False Positive(FP): A A False¢l AHS Truedtil d=(29)

False Negative(FN): A A True¢l AWE Falsed}il dZ(2%)
A

o
H =
True Negative(TN): A False?l AH-S Falsedtl dZ(AHAH)

A= Top—17 Top—-5H22 =AY Top—1 ATE+E= onxE BEFsle
HAeA 7HE GE w2 SHEE ASAS w o)Al AdeluH olHd 457t
A el 5 el vl A=A EAst=AE vk Top—5 Aot 7HE 77
WS A ) HokE w2 gkoll Aol =A% B9 HES o

s F 1299 F7](epoch)E +3F F Hd 99.5%F5 F3sto] 2 £F 4
UEE Btk A¥=E Top—1% Wl F3 0.954, Top—5% Wl 0.984%= EFRT
(<3 3>). dWHH o= Top—5 & A&E7} 0.9500] Mo EfFese] 43|

a dde 5 Avk(Singh et al., 2022). 8 Hl= 2T oF 9.078(1024+384) 2
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As %7t AF deolH o|m| A Top—1 Top—5
test_230920_1 244 0.947 0.971
test_230920_2 80 1.000 1.000
test_230920_3 80 1.000 1.000
test_230920_4 54 0.944 0.981
test_230920_5 102 0.922 0.980
test_230920_6 40 0.975 1.000
test_230920_7 97 0.887 0.959

3 0.954 0.984

IV. 283} AAHE

41 ATAH 2 L AAA
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2 283 7)oty &, & ATV FdE =7/ F wokv ofygl thFeh AH|~
Lok A &&o] 7hssitt dE B9, ALt FAHAA AEe AWES EA gAY A
A B T X}% T, 9 AaLEE geInt ojbye} bHRIA S E3 A e
ot Ve 7w &8 hestth Hgh o]l g Ve o a8 %< AHlA S9s
7VsstAl shar 7104 H|-§-o] A7yt mE Auj= A= 7jofd = Aot

2 A AnE 7l sdd e ) AdskE TRFEAINE, vdE o= A
S B a8 4§ o] HE <F X5 (Artificial General Intelligence) #oF -9
7Zledgd = vk w3, B3 olw A miA s FI Held s A™sed vl
U= Alolth

I7He] wo g ol sk it A Aol &&o] Thsdk Ve A
<ol W ol 9 AFEAE] el oA &8 5 9o, BAA, A g
H7F =S B ofy gt AEEA A SHAAME 7198 F = FiEo] AEE V)

4.2 SHAIAT vl AFEk

B oATE A0E 703 FPAAY R olnA Y sk FHe T 9
o e ol wel Al AT @AEC] Qo) tgd FFNAe Adees A
Astn AZFozM Anssts Aol Basth TAdon, AFY 54, 844 2
Q, 14 BF Fo| wed F 9

4, daelZEe] A AN AR doly Ae FEAL. AT #AS T
S0 SAAL B dol8 Ao Mol e HolEl A BEHn AAA B
oA WA 5 ool T AR wd@ dolE ol Fasth o Fi In
G959 A4 A AsHS FIAD F A Ao JgEn. 27 mde
A HelEE Abgatel AwEYoy, AR ofd doly AL BEFOEA
FnEe woh AnsA BAND 5 A4S Aol
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D.

7s MHlA HAS E o
e
g (2021). 1. ARz e] vg 2ga def ==
269, 36—46
SAR, ol =, HrebE (2020). olv A Q14 7=l A A8 F A Y
Z8]5] = A], 20(7) 86—96.
FrAl, olde, HAg, AL, & FAA. (1999). ¥ G4 WS AT FAA
A 54 7]‘?3 oF= % 1 7} 5} 5] aﬁg—%ﬁﬁ%ﬂé’ 6(211), 491—493.
ol g, B (2021), 43k AHAE Y At FolH e el gk Ad: on}
E2q A ~Eo] Atd AR, Y H S E={ER], 26(2), 73-94
o &, o] F5-(2018), ¥ Al WstE stk ICT 7ol dd A+, 7%
H=dR, 8(4), 109—-114.
ol 44, AAA, TE(2021), 474 AW AU, e 571 Ae c OAE
A%kS FACE, 7:101{4@4579_17‘/_, 21(1), 335—352
oA, AAZ(2021), FEAU A 71999 A AAQQlo] dANEE S W&
Fpell 1 2] = 03% HAEA, Asjaql, tAaRE FHOR, A H/=F Yl
=), 22(2), 28—54.
ol (2020). A&AT olvA AA V= §F. TTAAYE, 187, 44-51
o|g<r,  o]FH(2021), 7]3@& Adel A=zE A, 7lEdgaesA,
24(4):777-798.
AR, AAA (2023), 5 4.0 ¥RAVEe] A L FAA 7o g, #F
HRpA 2 5)5] ], 28(3):.73-83
Bao, Y., Tang, Z., Li, H., & Zhang, Y. (2019). Computer vision and deep learning
-based data anomaly detection method for structural health
monitoring. Structural Health Monitoring, 18(2), 401—421
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