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Abstract

With the recent development of hardware technology, deep learning technology has improved computational volume problems
and computational speed, and is being applied to various fields. According to these changes, attempts to increase the accuracy
performance of object recognition in each field are being actively studied. In this paper, Object ratio preservation method is
proposed using zero padding and border extrapolation for a fashion image recognition system in which ratio of objects is evaluated
important. It solves the problem of misclassification by reducing false positives rate and false negatives rate of the Confusion
matrix, and shows performance improvement in fashion image recognition where ratio is important through effect of the proposed
method.
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1. CNN(Convolutional Neural Network)

ATS] ALl A17]91 1960~1990\A 0l = Al #ed s A+
7 Uy 2000 F-E HzlF o2 Aleh
TF7F AP e 20109 7|HCE AlSh #HH
o] FEEE B RS BgS HoFrh 44
F 71 elg oju Ao EAletE 54 AA7F FSAA B
= od THRAA it 71EE, o oluA ] A

gE7F AU, ABRA AL B 54 ¥ FE9
7t golofol A A& 54 Hg ol LAY oFIAE 9l
s 1€ 2l d4) ONNO| 2 /&2 20109 %
28%°N A A 2.25%F 17ko] 914]5t=

o, CNN9| A5 90%2] Awe] Lgsich CNN

_‘

ek AA 25 2= AlexNet!”, VGGNet!'™) ResNet,
DenseNet =¢] Zdlo] gjt}.

ResNet2 2015 % ILSVRCIA $%5& A8 CNN
AW BdZ, 15229 layer2 A ¥ Skip Connection
Fz9 WE G, 7197] 22 (Vanishing gradient)
A, ESATL dold55 Aruagdn 71&7]7t
245E B2 S 23tk ResNet> VGGNet 0] %, CNN Al
73] M EY]A ZojRd wet Yefve 7187] &4
FAE FE3}72F Skip Connection 7+%2& =39t
ResNet-2 Skip ConnectionZ £-8)], short cut d|o]o] & W&
o] AEFAS Tt Y& 7tA o identity block-g A
A U4e FAE dalFs WoR A slFshanh
ResNete] AA A<l 2= o8 719 residual blockS BF
X0 2 ol LAY oW, VEYAY +2& 4A %
SHAME 71&7] 24 FAE siAste AT 59 A
T /A

DenseNet 2017 CVPR A Ao Wiy =2o =
ResNet#} 7o] CNN€] layer7} ZojA| A 71&7] &4 &
Ag s AsT AAY T2 LI Akd 2ol
DenseNet<- Dense connectivityghe= 7132 E3)

BE layerEel tis] AFA<Q AZE F3dsirh Dense
connectivity= GG Z SAAPE o] 8, 7] ZH
Sol shiel 29 wAE PR A8E & IS e
t}. DenseNet 3t £33 U] &
ERZER EEEIERE LR -
&40 8 Adste & FX2E Attt DenseNet
o] A A4l 3+ Dense block ARo]Atolo] 1x1 H&FA
3} 2 x 2 average pooling® 2 A ¥ transition layer7} ¥
AYE F2E 7HA ResNet#t 59 53 Holu g2t
"8 & ResNeto] 713l ghein|g] 29] ok 1/3 #5002

2. 92 Onl| @At 7| ZH WA



A 9 19 AA vEE AT A oA EF A2" 3

(Eunji Choi et al.: Fashion Image Classification System Considering Object Aspect Ratio)

B Auz ggEg ™ ovix) @y 27 AA7} 744

TR JBE RASAL olv)A 2AYYL Fa o]lA
9L 2APORA, AF A4 gof F2F HUE A
Fan®

03 1. THY HAZ 0|23 22 ofulx Y4 27| =B

Fig. 1. Visualization of adjusting the size of the input image using zero
padding

9 12 Y AL olgstel 9 ojnlA gae] 2]
g 245 32 A48T otk YO HY @
e olulA) A71E FASEA, A FAL AT AW
MO Bgse AGHT BT AW ov|Ae] A7
2 Yol Gl &, ARFH e el FORA,

7P§?<Pil°ﬂ ? 'lSF‘:— ojmiAl Fuo] ELg Eole g¥e
B S 7oA

e OlUlZH —r‘?i% 7PEe] AR dgste] o] A

715 FA 71 H2EH, dufz

TP oA 9 T FRE I H s qdE AT

o152 ~Eeto| = (Stride)st &, &

€ At Alojshes o E&HH, oA 7

Ao & Frrste] JeolvA] Wl i Zd Wi

AE 9FE 9L
A A ool &, o|w A8 I ARE FAAT=
W o= B2 9419 (Border Extrapolation)o] ]th”.

o H

it

of
B2 QAP olg ojulA] s Bl fRIskE olw]A| €]

AL Agets 719e o 2ot Qukzo) wrajo
2, 7o) HAE BASAL st gele) grog A
A 14 A e F4 e ANFE
2] 5ol Atk F&, o|nA AjoA ZA I Flo] 2
g g Adste o &EHrh

3. M O|O|X| BFE fIEH 2K 2l4]

Ei‘é 719ke] AFE sk AR Al Ao e G,
theet A 2ellA Tles A&s] A9 AR olojA|
Itk 71A s 7Rk A ofm|A] Q1o FARL fA
= AZE o] &3 HA ojujx AU, o F A= v @
A% 9% A7 A, 9 e o8 A R &4
QA4 o) A7) AGEL Gom, A AF A4 A&
o ol AR 9] A7 2B, v A 5o LHE AR
L BRY ARAE 99 2o 2z WEd o,
o) 2o} o]n ) Bl glo} A4 olFl ] B &
q FEH0) 27E

FashionSearchNet-2 3|4 2|3 o] Zdoj9} ~E}d So] &
4 QA€ ol g3 4 olulA) 55 wo]r} . Fashion-
SearchNet #7 ¢4 Zl(Classification loss)ol] 54 &4
o] F=&A g o] t)3t Localization modules &-£-32
2R AA £ 18€ FEL FAE S E8l ol
A& EF3t) Localization module©] @ Attribute Acti-
vation Maps(AAM)O. ZHE AL A3} o] U]Z]PJ EA

-

_4

r-{u:

BAAE 7 54 WS FES A Sae S8 4
fully connected layers] 5% W< A3l QQ’% gt

FashionSearchNet> 253} &4 7|0k fFAHE 3t Z2A]
25 A0 2N FALRE AA BEAS zhe ouAE 2
etk

SizeNet teacher-student H-2H-& E3)] Alo]2 EAS
WIS Q= WA A 9] Afo] 2 B/ AT 9l o
#%0) tgk s AH L AP, SizeNete o]u] A £5F
A FAAR FIHe FURICEA, o ALdhE
(weakly-supervised learning) 7|4t s A 47 o] EFE 3}
Eig=p



4 Fes=EA 212998 A1E, 20243 19 (JBE Vol.29, No.l, January 2024)

M. AJAR FMEE

1. 25| HIZ 2E 7|HE HEF AL A=

({lt

Sy
g yead Rati
g | atio Feature Classi
[™ " Preservation —+
extractor fier
w Module

Convolution Neural Network

Input Image System Architecture Result

22 2. AlAE A=
Fig. 2. System Architecture

I8 28 & =304 Agtske AA vlE BE 71H 9
e gRletr] A% B AlLE Aol Yol
Ae] AA WEE BESH] SleiA W& EE RE(Ratio
Preservation Module)S o]-&3}e] AL E3H) S 2| A]
21 &, CNNE 53l o|uA|e] 54 & FEato] A4
& A3t} o)|F, E77|(Classifier)S E3] 2142 v]&
o] B A FHll X e A¥EE BRI AA vE
BHE 7S A& vg BE BEY dEe tha oA
drg it

2. 4H v[E BRE J|Y

A GBI olv| Aol v s FE=e] o v A7}
SA sk, AR e S wel 747] v vEs 7L
ek A QG AR EF ol AA 9] LI H L2
A7 sl Eelor & T3 247 ¥k 19
t, dubA 2l CNN AR TAM e 7HE, A2 g4 7t
A7l A719] 4 oA HEFAH ANE st &
Ag F2a0 ogd 2719 R omAE FeA
719 Y ovA R StHFE A A HAd o] Yt
Au AP HEA, AE olujA o] Ha HE | = A
o dojettt. omf, A FHe] fF2 AF = A
Aol EHE LEFE o1 7Hed el vt webA, 7]
E AA7F 7H elu A o] FH A0 WA|st A, 54 W
o] zk= Fhe Aoist AA FAW ] HHE WA s
W o] Attt

2]

I8 3 2 =Fo0A Adsts AA &S BES=
ojulA| gAfe]Z L Folrt. E =EAA Al¢tehs 4
A vE BE 7ML CNN 84S

2SS Fgel A BASE B o AL YA,
1

o Fu] BEL 9ls1A, AL olv|A9] ol st Lulg] 2
o8 UL thg Eolst Uulgl 27 MEE B o L
@2 7M1 71F Wt ool Al YRS A ol F,
) ST 2 AAH PR AR oJulA ] zHol(a)TH
F /el 94 A9 onAE Y eh

A7) Mg RE RS R FYUE fAGE Ha
&9 vze] FYo] A GAS WAL W FUL A
g E HFe AL olgstel AL F HAWL F
S LAH BE 2|2 2PV e, B =R At
she 23 1% BE /199 39, Folxl o|uAe g
of weh gat mE 49 AL A5 Dk

Fol7h Euuk 2 A9 ok 4 (D) ¥H4S B
O34 @S A okl 4 Q)9 WAL webd 34 g

st Ak

LY
28

-

P

pad(x,y), for0 € x < %
a a

I'(xy) = J(x,y),forESxC.max(x}wLE m

pad(x,y), for max(x) + %5 x < max(x) +«

pad(x,y), for0 <y < %

a «
]u(x'y) - I(x,y),forESy< max(y)+5 (2)

pad(x,y), for max(y) + g <y <max(y) +a

A (AAE A o|v]A)9] Height ghol Widthe] gt

=7, 7}2 29 7ol OSm<% T max(x)Jr%Sx

A omAE AP



HA2A 9 19 AA &S Led HA oA £F A" 5

(Eunji Choi et al.: Fashion Image Classification System Considering Object Aspect Ratio)

2] (2)oll A= PE ol x| o] Width #ho] Height] #hi.th

EI AE %9 gkl 0=y < 5 EE max(y) G <

2
max(y) +a 7k EAE W, 7b3e] B FPsto] A

Start (I(x,y))
Width=max(x),
Height=max(y)

Yes

b

New width = Height New Height = Width

l l

@ = New height — height

@ = New width — width

: :

I'(x, y) 1”(x, y)

A
Interpolate I'(x, y)
to target size

v

( result )

T2 3. A HIg BE VY YR BAE
Fig. 3. Flowchart of Object Ratio Preservation Method Algorithm

29 (27 | 28 | 29

29 | 28 | 29 | 30

27 |27 | 27 | 29

25 ( 26 | 31 | 28

22 (24 | 30 | 26

21 ( 25 | 29 | 25

25 | 24 | 28 | 24

26 (31 | 27 | 27

25 ( 30 | 26 | 27

2 4 HZ WY 7|82 AlZ=kt 0[0lX|
Fig. 4. Visualized image of Zero Padding method

+ 5 BE A88) SRAAER oA 278 24
)

3. MZE m{Z! 7|H(Zero padding)S X235t ZHX|
HE 2& 7Y

FolA ALk AR Hg BES Sl
Falg olu) 9] 6 RelETh Al
@ A4 Mg BE HE olmA Y
T HE NS A, B S ME 4 71z g ojuA
Ao 2E AT 5, olu]A WA 3k 9] A Ry

=
24 ¢S 002 AAFE PHS Ak

R

4. HI52| 24t (Border Extrapolation)g2 M =25t

I9 sE A Hg BE Y F HEe ey
& ole)A A E HeIFTE HFe SAE 7
g BE PP AT N §XE A g )
TR PR AL Balstel, A9 W
Bk o) WS THE BT SAPEIE Yl 2
A B e AEAIA oW T ARE I
WAL Agtel, TRE AR oluA JRE £7

)
ofo

} 7

-
)

ol °l°° oE
N oX

lo o o o afo
o flo

)
2
=

}

o
ol
rle

=
+

31 | 29 | 27 | 28 | 29

32 | 29 | 28 | 29 | 30

30 ( 27 | 27 | 27 | 29

28 ( 25 | 26 | 31 | 28

29 (22 | 24 | 30 | 26

24 (121 | 25 | 29 | 25

26 ( 25 | 24 | 28 | 24

23 (26 | 31 | 27 | 27

23 (26 | 31 | 27 | 27

T2 5. HIFE| IMEE AlZtEkEt 0l0]A|
Fig. 5. Visualized image of Border Extrapolation method



6 "WastsEiA) A299 Al1E, 2024 19 (JBE Vol.29, No.1, January 2024)

V. d3ol dA * 7o
1. HO|BAl 7+

2.3} Ho]E A& Deep fashion dataset®] 7|
H FHEES A ARsE e, v
[e]

Pants
(Shorts/Midi pants/Long Pants)

Skirt
(Short skirt/Midi skirt/Long skirt)

Dress
(Mini dress/Midi dress/Long drass)

T2 6. HoleAl M9l of
Fig. 6. Example of dataset configuration

Train Loss
= ResNet56_ZeroPad_lr3e-6

J8l 7. &S T
Fig. 7. Loss graphs of Train and Validation

ARSI wlolE Al A % 38,8107 C.%, Train
set 23,2927, Val set 7,7577 Test set 7,761 0.2 A3}
Atk 8L w0y 7 B @ Sl thete] §) AE
28 E35) train set] 1,7374 7} test seto] 7,761732] ©] o]
HE F7hetsinh wlelelAle] #o]E&2 Top, Crop top,
Short pants, Midi pants, Long pants, Short skirt, Midi skirt,
Long skirt, Mini dress, Midi dress, Long dress, Shirt, Shirts
dress®] 137]] S22 FAEY

Val Loss
= ResNet58_ZeroPad_lr3e-6

N

——

Step

0.5

10 20 30 40



(Eunji Choi et al.:

bt

2. &89 Y

0%
1%

21737 8h2 ImageNetO. 2 APA 8k 8
o] A7} 7HAE B &S 7)F R EHT 4 9le Dataset
< VA 27 (Fine-tuning)stod 8] 5 et A 9ol
A7 2dl¢] ResNet507 DenseNet201-g AF2-313.0H,
AR vE BE 7] 284S 957 98l w9 &
U HE A-&e A s

<
et
oo
mX
ich

0H

1. Ms o}

18 72 Train set?} Validation setS ARE-3lo] £418 A
A¥ek wjeo] &S Azbslst Atk Train set} Validation
AFSRS o Bk vE B

ol =
A S W o HL &48 2=t
A

¥ 1. Moz, 1§84, F1 Score Z1}
Table 1. Precision, Recall, F1 Score

ResNet50 ResNet50 ResNet50

Macro average : +Border
+None +Zero padding extrapolation

Precision 74.31% 76.75% 76.37%

Recall 73.87% 76.40% 76.69%

F1score 74.09% 76.57% 76.53%

oA <F 2.44%, ZHfﬂ &L %k 2.53%, F1 scoreol| 4] <F 2.48%
Aol 5 B oAt K3 HFE oA BES A89 A
Me BEs AEotA &2 483 AUEolA oF 2.06%,
LA oF 2.82%, F1 scoreol| 4] 2F 2.44% z}o]& H Y
th 99 A= AUy, AAE, Fl scoredl| A Awtdgo g
AA v BE 7|Ho] H A ojux] BF AAEH S
PN AE BelFT

¥ 2+ ResNet503} DenseNet201 oA 9] A& HoF

HeA o 19l A4 W& TG A4 olulA BF AxE 7

Fashion Image Classification System Considering Object Aspect Ratio)

¥ 2. ResNet50, DenseNet2012| Top1, Top5
Table 2. Top1, Top5 Accuracy Comparison of ResNet50 and
DenseNet201

HYc bn

Top1@Acc Top5@Acc
Riill\(l)ifo 73.87% 91.86%
ResNetSQ 76.40% 94.81%
+Zero padding
ResNet50 . 76.37% 94.53%
+Border extrapoltion
Denfsgr?gm 74.66% 92.54%
DenseNet291 77.23% 95.63%
+Zero padding
DenseNet201 0 9
+Border extrapolation 76.94% %0.20%

t}. ResNet50 /\173%7'01] AF vE BE 7HE A%

ke me T WHOE AA Wg BE /ML 48RS
u, Top 1 accuracy+ 7”—} 73.87%S} 76.40%, 76.37%%.,
OF 2.53%9} 2.5%=E aFo)E H o™, Top5 accuracy= 7+
7} 91.86%2}F 94.81%, 94.53%°]t}. T3 DenseNet2019]
73%-, Top 1 accuracy= Z+2} 74.66%2} 77.23%, 76.94%=,
ek 2.57%, 2.28% Aol B0, Top 5 accuracy= 212}
92.54%9} 95.63%, 95.26%¢°]t}. & A= 2] t&
HIES 7H T e AA19 HolE Al o] &3 853t
et Ad, AA HE BE 7HE 483 ResNetst
DenseNets €83+ AolA sfA ojux] B/ A2 9

el He Ae & 7 Aok

E 3. 7E MZYD AN g 2F 7|YS HES MEYe| 4s Hlu
Table 3. Network performance comparison of various resizing methods
ResNet50 ResNet50 ResNet50
+Zero +Border
+ None ) .
padding extrapolation
TPR 74.31% 76.75% 76.37%
FPR 2.18% 1.97% 1.96%
TNR 97.82% 98.03% 98.04%
FNR 25.69% 23.25% 23.63%

o

E 3 QuEO AR AL BES AERL 1%
_(‘3,

zero padding, border extrapolationS ©]-&-3Fe] ¢ E 2] A+



oo
ok
ofy
okl
2
ﬂ,
r—{u

S 9] confusion matrix 4] 2 zo)t},
Al A el A }élxﬂ w3t S el dAsE TPRE 2+t
ek 74.31%90 A 76.75%, 76.37%2 Z7}8F311., TNRE <F
97.82%01| 4] 98.03%, 98.04%2 Z7}ateich. Wk, 2] 7t
< Negativeo|} o= 7to] Positive?] FPR2 2.18%01 A
1.97%8}F 1.96%2 7+23+97, A4 Z+2 Positiveo|} o
72 Negative?l FNR2 25.6%01| A 23.25%, 23.63%%
btk e AR AYE Age 2 A o
& 488 49l LE Fol, ] HAE g A2
2 BAR 95 E A= vHFE d4HED Al
A&ste] shFate Ao, AA 35 7Rl =
B AT FE ]Ziofq A ¢ zﬁ“ﬂ T
FPR#Z} FNRo] /A 5= AL g 4

1

l'>
ol

[T - N1
oll px

°

N &
i EC)
N ot
B

)

of whe]

et

o rlo
rio,

o i
1o
ox ot
=
2
I

ot ot "
.
i 2L
o
N
p‘L
N
o
1)
o N\
N
oz
1o
g Mo
R
to N og of
N

=
2
lo,
=
o
o
Bl
N
>,
)
el
o 18
i
o
B
4
&2 ok

rlo
ol
o
1
R
o
ke
)
b
it
tlo
N
ofo
ot
ol
o
lo
=
Rl
i
o

24
r (o3
QL
rir
I
o
b
i
)
i

£
ofo
>,
ox
off
ook
o
o
Lok
ro
QL

S

s
s?
g
A
@)
o
2
o
il
o
_,>;
rsi‘
o
ot
!
—
o
>,

B8 AASAG, ETAZ 492
o Saustel vag Fol, A= Y
= 0] e HEA ) 9P FA %
Y £ =0l P2 BelFth 03 9
o s|gshe B2k AE] TPRSE TNR
9 FNRS HaAA Foh29 L3 F
Folsgnh

1AL NN 8i% 3HgelA] Qofuke 54 9

_;’_.

AR, vg G FLF 0F FA29 T 4
]
%

v off [o

[¢]
bt

lo 3
oo
ok
~

i)
ofo

ol
—_

[o

ixd

it

oXx,

ox my L ox ¥R

, off & ok
2,

ot
o od Loy T
T

<%
M
el
=

£
r, RN
o
ol
rr
pos)
tlo i

i T

o odl 1

N
==

o &2 FANYOEN, 247] G2 V&S 7}
R AZRNA A P4 BT A

rlr
fo
N2 g

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

(11]

[12]

A A299 A=, 20243 19 (BE Vol.29, No.l, January 2024)

B G olelA] $F Bk ohleh, LR AA 9
o] 2.3 TR BE BE Pobol A4 A%

&l (References)

S. Albawi, T. A. Mohammed and S. Al-Zawi, "Understanding of a
convolutional neural network,"2017 International Conference
on Engineering and Technology (ICET), Antalya, Turkey, pp. 1-6,
2017.

doi: https://doi.org/10.1109/ICEngTechnol.2017.8308186.

He, Kaiming, et al. "Deep residual learning for image recognition."
Proceedings of the IEEE conference on computer vision and pattern
recognition. pp. 770-778, 2016.

Huang, Gao, et al. "Densely connected convolutional networks."
Proceedings of the IEEE conference on computer vision and pattern
recognition. pp. 4700-4708, 2017.

Islam, Md Amirul, et al. "Position, padding and predictions: A deeper
look at position information in cnns." arXiv preprint arXiv:2101.12322, 2021.
doi : https://doi.org/10.48550/arXiv.2101.12322

Kayhan, Osman Semih, and Jan C. van Gemert. "On translation
invariance in cnns: Convolutional layers can exploit absolute spatial
location." Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. pp. 14274-14285, 2020.

Li, Debang, Junge Zhang, and Kaiqi Huang. "Learning to learn
cropping models for different aspect ratio requirements." Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. pp. 12685-12694, 2020.

Esmaeili, Seyed A., Bharat Singh, and Larry S. Davis. "Fast-at: Fast
automatic thumbnail generation using deep neural networks."
Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. pp. 4622-4630, 2017.

Hashemi, Mahdi. "Enlarging smaller images before inputting into
convolutional neural network: zero-padding vs. interpolation." Journal
of Big Data 6.PP. 1-13, 2019.

Srinivasan, Pratul P., et al. "Pushing the boundaries of view
extrapolation with multiplane images." Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. pp. 175-184,
2019.

Bailey, Donald G., and Anoop S. Ambikumar. "Border handling for 2D
transpose filter structures on an FPGA." Journal of Imaging 4.12, 138,
2018.

doi : https://doi.org/10.3390/jimaging4120138

Hou, Yuxin, et al. "Learning Attribute-driven Disentangled Repre-
sentations for Interactive Fashion Retrieval." Proceedings of the
IEEE/CVF International Conference on Computer Vision. pp. 12147-
12157, 2021.

Chen, Ming, et al. "Improving fashion landmark detection by dual
attention feature enhancement." Proceedings of the IEEE/CVF
International Conference on Computer Vision Workshops. pp. 0-0,



A 9 19 AA vgE HF AA oA i Al2E 9

(Eunji Choi et al.: Fashion Image Classification System Considering Object Aspect Ratio)

2019.

[13] Ak, Kenan E., et al. "Learning attribute representations with
localization for flexible fashion search." Proceedings of the IEEE
conference on computer vision and pattern recognition. pp. 7708-7717,
2018.

[14] Laenen, Katrien, Susana Zoghbi, and Marie-Francine Moens.
"Cross-modal search for fashion attributes." Proceedings of the KDD
2017 Workshop on Machine Learning Meets Fashion. Vol. 2017.
ACM, pp. 1-10. 2017.

doi : 10.475/123 4
[15] Ak, Kenan E., et al. "Fashionsearchnet: Fashion search with attribute

manipulation." Proceedings of the European Conference on Computer
Vision (ECCV) Workshops. 2018.

[16] Karessli, Nour, Romain Guigoures, and Reza Shirvany. "Sizenet:
Weakly supervised learning of visual size and fit in fashion images."

|

rio

x|

- 20201 28 : AZCYED Y0|0jRE Z(SHA

- 20221 28 : AT ADEICTSEZET} ZR(MA
e - ORCID : https://orcid.org/0009-0006-0596-6084

' ADHED|C|O{AIAR, HE|TIC|O]

:)
i)

NE SN

(= yun

s

ESINIEI

=

24M o]
= R I

- 199944 68 ~ 200314 8 : LGMAP|&H 22
- 20034 9% ~ 3K} : HIHSD HBEIZSIYADIEICTSETT 15
- 201744 10€ ~ 3ixf : SYAATH ZE(D|C|0IFSS MR
- 20194 10¥ ~ &ix}f : |IEEE-SA Interfacing Cyber and Physical World Working Group 2|t
- ORCID : https://orcid.org/0000-0002-1153-4038

AOIED|CIOJAIAE, HE[DITIO{ZA, e

Ba=y oo

[17]

[18]

[19]

MR

- 19874 23 : MMICHSI L MAMAY | S8t ZQ(SHAD
- 19894 12 : University of Michigan, An
- 199944 5@ : Syracuse University, &z}

Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops. 2019.

Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton. "Imagenet
classification with deep convolutional neural networks." Advances in
neural information processing systems 25, pp.1097-1105. 2012
Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional
networks for large-scale image recognition."arXiv preprint arXiv:
1409.1556, 2014.

doi : https://doi.org/10.48550/arXiv.1409.1556

Robert.  "Confusion
Information Processing and Web Mining: Proceedings of the
International 1IS: IIPWM ‘04 Conference held in Zakopane, Poland,
May 17-20, 2004. Berlin, Heidelberg: Springer Berlin Heidelberg,
2004.

Susmaga, matrix  visualization."Intelligent

SAS, ARELIA

Arbor, Z7|HL7|S8t2E ZR(MAD

(A

=
=2H
ATIER

—=o

olels| (hEXSIS

2|, ZED|CIoV/OEHI0E] &2, TIERHA



