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With the recent surge in YouTube usage, there has been a proliferation of user-generated videos where individuals evaluate

cosmetics. Consequently, many companies are increasingly utilizing evaluation videos for their product marketing and market

research. However, a notable drawback is the manual classification of these product review videos incurring significant costs

and time. Therefore, this paper proposes a deep learning-based cosmetics search algorithm to automate this task. The algorithm

consists of two networks: One for detecting candidates in images using shape features such as circles, rectangles, etc and Another

for filtering and categorizing these candidates. The reason for choosing a Two-Stage architecture over One-Stage is that, in videos

containing background scenes, it is more robust to first detect cosmetic candidates before classifying them as specific objects.

Although Two-Stage structures are generally known to outperform One-Stage structures in terms of model architecture, this study

opts for Two-Stage to address issues related to the acquisition of training and validation data that arise when using One-Stage.

Acquiring data for the algorithm that detects cosmetic candidates based on shape and the algorithm that classifies candidates

into specific objects is cost-effective, ensuring the overall robustness of the algorithm.
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2. 0|2 HiZ

2 dge s o4 daesY AE HES Y #
F YES =] YOLO(You Only Look Once)[2, 13, 1412}
EfficientNet[17, 18]& AF&-3l9th YOLOE One-Stage U]
EQAwA AAE wEA AT ¢ Jdon J4s o
Holl vpetrR = PAow FAH o] A3l YA (False
Positive)o] BAYSh gHEo] Aoz At} e BF 2

Daeho Seo

dlo]] = ResNet[6], MobileNet[8, 15], EfficientNet <] t}
sk mdlo] 9Jxut 1 F EfficientNet> M EY I 1%
a&Ad 24& Fol FetvE A7) div] =& Ass
zt=t}, 7% o]fi= NAS(Network Architecture Search)
[19] 71uko.2 A3 Baseline U EY A9} B2 Ao

!
i)
lo
o)

O

I, vn] agla g9 94 37] 1 #A4

2 12
M rlo
)
ful

2.1 YOLO(You Only Look Once)

A& YESAE YOLO7F AHE-¥] 31t YOLO<= One-Stage

HE7|2 e S0 dddow =2 AYEE 7
ATk YOLO= oW A ZHE] N by M AA} R4S 4 54
We FEoka 74 A fAZFH A 75, BA S5
a8 el FE =A 2715 sAlel 53 o=
7] two stage detector LTF #-2 Ao 2 SAE HET

T UEE
YOLO YEH=AE= AA 24748 AEFA #o]o]
(Convolution Layer)®= -4 %o] itk ¢k 20719 w242
%7] 3]+ ImageNet ElolE] Al4]o2 FHd s}
1) Bl (parameter) 2 A A 1L F 4719 ALFAH REI} 9
A A7 A Z(Fully Connected Layer) J2}u| = 2 oA
oA 53 SPEE HlolE Ale] FHow HAHT

2.2 ResNet

ResNet> U ES A9 zlo] S7t2 Aste 7]87] &
2(gradient vanishing) = #1E A} 3 (residual mapping)
o2 djAgeh 7 Wi oF & golo(layer) 2 7]&7]
g 37t dddte 7224 7187] & EAE BAE
t} 7|Ed = MES S Aot AAFE &7 ol 4
oA = EEe EAARE A §B S Zh= ResNet> 2H
o] zZlo]e} F Aol Hld #AE Zreth ofe] 20154
ILSVRC[9]°1 4] ResNet-152 E =2 top-5 test error 3.57%
2 s

2.3 MobileNet
MobileNet> A HF Y EHIAZ

ATk MobileNet &7 AdS st AEFA &
El(convolution filter)& 483t} F7H
rable convolution filter’ 12 2|
volution filter’ & 283} ©]
ok FE(filter) 2717k 391 B¢ ALFFe] 8~9ufLt Fo
£
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2.4 EfficientNet

EfficientNet2 4o &g Zlo] un] 12| 9J¢ o]
nz A7)|2 AAE o] & fAbet 37]«] R =&
o . %o o[n|A| A7] 37}4]
o #¥E& 5’%—7}01 4% 5 9\)\—: Compound Scaling
¥ At MEYAE AAsS A
EfficientNet ‘B0~B7°°] 9o A7} &
717F A3 AT E A ekt 7
A A 2715 2be & UES A 1F s vlald

N
(@) ]
rzd
A=)
1o

F5(Transfer Learning)

Transfer Learning< 7] ¥}A] ©|©]E] Al(Source Task
Dataset) &2 St ® deluEE % 34 do]g Al
(Target Task Dataset)ell ZtAl WA 7= 7] ot} 1
A 71 FA dlolE] A3t Bl A HlolH Ale] frAL
o dely & Toll wet MIEYAY] Aol detd

g ol

TR = T S

e olgste] GelA FFE FRIS HETH 2
gl F5 AR stolw H(original) F7delA Eehdl
7 TR 49s J¥oR H¥(arget) HTF oFE B

TR AF VEYIR YOLOE AHE-8k3ith YOLO
= 3=0](height), UIH|(width) 28] 3 33 (channel) E"J%
v‘—:—:':‘_

w 54 9(feature map)= F=STh <Figure 1>9] 7
YOLOOIA F54¥ 54 el =olok vnl= 2+t 49} 80
o, sPgsrol E3E 54 ae=rh wbA o g A EA
o oole =47 EAEkE 9ol i d9Ey 243
A7t Avkes AS UEpdn A3H o HD1r A el A
A =AY A7), S AR HEH ¢

3.2 HIO[E =H| H et HA|

yE oq 3 ASe golg e %yl Ao o&ing EH

t}h Azizpour et al[1] 7] 3}A] dlo]E] Ale] EA4 £ 9 37 (background) A7} Fo3It) At <
2t 23 gAY Aol A= 10% 2ot ve As 252 <Figure 2> 5 theFet 874 Sl 3= AES A
3 ARz AA S =gttt ARt BF AlFol gk FAFol Ao EAIEHA
3 o] sk HESA 35 £58 USHA7I= & o) vloH 5 ol o] Stk wheF A& o] to]
7} QIth Ying et al[19]2] A7 Adte] W2 54 = HZ UEYARZ F5A 7= 4 34 FHoverfitting) 0|
Ao A g or nes 27]siate] 35S AlFfehs A TAste] Aol AstE)

Hrp AR shge 2do shetbny o 27]stshd T kAl B A5 One-Stage U4l Two-Stage 7]1HHe] &
WA = ASe2 g3 4 oo AAE 2~38e nEEE AtEda A HA ‘“/}74] YOLO7} s}4# &
gF AE 954d 5 A BT A& <Figure 3>3 49 BE 343 BA42 A}
Aol & To= Aelsli 1 A YOLOZF B9

54& o]&st EE FRIS HETH
2 =dAs A2 g2 30719 sgFEo] A
(rectangle), H(circle), 5] H(snout bottle), *(brush) >
AT A WL <Figue >AY HE BE 2 zHLE’EM wEo] fFEolA SEFE AE Tkl
mdz Y Two-Stage 719 34E 912 & Z3lo] 4714 579 YOLO &d 35 2 A= dlo]

A 3 #Zol G 5 HE tEIu
Stage 1
Detection

of candidate group(YOLO)

Feature Map, HxWxC

Stage 2
i-th cosmetlc Assign each candidate
tu specific cosmetic(EfficientNet)
£

<Figure 1> Cosmetics Recognition Algorithm Flow Chart
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<Figure 2> Background of Cosmetics Detection
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<Figure 3> Shape Based Cosmetic Classification
3.3 EfficientNet?] £ HZA 3 st& WHE

$HE FELS 54 A2 gdete dugss
EfficentNet©| T}, EfficientNete] 12 Ho] = <Figure 3>
7} o] YOLO7} &3 $H oJ9olt}. EfficientNete] &
&4 oy 3 AwrEtE flel AebvE 2713} Sk vkt
Hlg H]& 5 39 #hs 18 A X(grid search) W o=
A7k

RS sEad uwf el odvksiel wE Sh5S 91l
ImageNet3} 2H2 &% HolH & 5% getvHE &
g Z7]glol] Wol Ab&gtt) 2 A7 E3 ImageNeto =2
Fd¥ v2tu]E = EfficientNet 32} 0|E 27|13} gho g
AR HEe] 54 5 79 At gololE 1L
Al71aL 2 &) stebrl Rt A A 2 O]HPQ
& & F o Eol&Hth <Table 1>= Z7]3F
ImageNet2 = 8F5¥H 3210 E, kaiming initializer 7] (7
18] 3 xavier initializer 7]H[5]2 AFE3F 5= A
Aotk 2715} Wol wel g5 zhol7b of 47% = =LA
U ol &1 dHolH Aol ZF B4 7 oF 1000 A=
= A7

2d s 3ot ZL‘EE mAP(mean Average Precision)<

=z o
=

—

oL EE o
tlo off

—

= |
o

Daeho Seo

Bl Ao
SEEEEE

/\
= —l:_I_L_
g z7]sbol] A&e A5 HESLA & Y Fevy
AL B =79 ¢ <Figure 4> 5714 7
of tiel 2+ ®Els FeAA HA o 14 vy 27

o
oft
ol
2
SRS

{Table 1> Performance of two Model Parameter
Initalization Methods

Performance(mean Average Precision)

xavier initializer 40.403
kaiming initializer 43.910
ImageNet 91.917

<Figure 4>2] A2 g5 R A5 525 e
o 712 =9 7+ 77]= FetueE 1A A7) MBConv
(mobile inverted bottleneck convolution)®] %5 7|5 2
n e, mEka] B =S B4 Q1A Aol 7P ¢
4712 MBConv 2E debn]e]E nAAA 2 855
218ttt 12 MBConve EfficientNete] 5% F&

38 PHsHe LEel,

Performance

a5

93

91

mAP

89

87

85

1 2 3 4 5

Size of freeze layer

<Figure 4> Model Performance by Fixed Parameter Size
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oo

an
48 ol 5

Aol AHEE st=so] 8L 134 A= i7-13700K
3.40 GHz, NVIDIA GeForce RTX 3060, 30| EX] 2 ¢
A (pytorch framework)[12]0]t}. 283l A~AZEO
J&  Python-3.10.13, Pytorch-1.13.1, cudatoolkit-11.6,
opencv-4.6.0, pillow-10.0.1°]t}.
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42 =X A& 229 ds 87t

AREH, AErEol QAL
Positive), FP(False Positive), FN
Negative) &2 A4HETH

AdEt s il AE Ay gleng &
G217} e 312 %E AP(Average Precision)E &4 FH7}
ot AbstaL el 7 24 TR APE BT Hol 2d
o] A% AEL mAPE Attt

olgf /\Nﬂ‘jﬁ TP(True
(False Negative), TN(True

43 25 Y Hlw A¥

7 a2 3714 P (ResNet-18, MobileNet-V3-Large,
EfficientNet)9] Hln Aoz AT} 37[x] Rde
<Table 2>¢} 2-& uztu|g =72 7HATh

o] 3% Ll EF v H %7]3}E ImageNetS

a2y g e R sty on <Table 3>7 o] 7t
BElg PG s BE 99E AdF et HE 14
Al7)E 71 E 28330t <Table 3>S B BE 790
&) 25 3719 enge 247 EfflClentNetO] 74
58Tk <Table 3>¢] ‘s’ B& 7/f¢E debdth 7z

RH2 MR O RER 7457 HH

steb g s 2A 24 ;}—L— AL w7bssth webA

S 2 I R K R €

NEoz vl AHE #62&%
A AR <Table 3> A nd

&l sl 91 917% = 7H - é}%it}. E}EW & AT

ruio

DI

3}l

<Table 2> Nubmer of Parameters for Each Model

Model Parameter Size
ResNet-18 9.IM
MobileNet-V3-Large 11.6M
EfficientNet 5.4M

<Table 3> Performance by Model and Fixed Parameters

MAP(%) s=1 §=2 s=3 s=4
ResNet-18 81.39 87.89 85.97 82.67
MobileNet
V3-Large 87.32 87.69 59.83 87.73

EfficientNet 90.91 88.43 91.01 91.91

4.4 YN Az

<Figure 5> A F5FH Jdd Atst dugso=
A Aoltt 9% 3 WA I YOLOOIA 42 A3}
& Yehd Aola 74 WA &2 EfficientNeto] 573 3}
FEOoRE T3 AAE el Alolt} <Figure 5>+ Al
Qbgk dueFol FRHel TEE AA AlF F7F G
A& ARE YeH, o]= thkd oA Agke &
do] sgES & HET 7 US5S onjgit

Detection Recognition

<Figure 5> Qualitative Results from YouTube Videos
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Hely w2 el dolelel 3t AL Hsel we
GG 7 AW 5 BA JF FFL G}
A3k o) dolel 7t FRe Gl dolE g TEeH717} )
$ olEl e A v Bk Mok B AT g9 5E
¢l o g EAE AdFsiath 1 Z3%E YOLOE ©
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