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Abstract

This study is the first attempt to raise face recognition ability through machine learning algorithm and
apply to CRM'’s information gathering, analysis and application. In other words, through face
recognition of VIP customer in distribution field, we can proceed more prompt and subdivided
customized services. The interest in machine learning, which is used to implement artificial intelligence,
has increased, and it has become an age to automate it by using machine learning beyond the way that
a person directly models an object recognition process. Among them, Deep Learning is evaluated as
an advanced technology that shows amazing performance in various fields, and is applied to various
fields of image recognition. Face recognition, which is widely used in real life, has been developed to
recognize criminals' faces and catch criminals. In this study, two image analysis models, TF-SLIM and
Inception-V3, which are likely to be used for criminal face recognition, were selected, analyzed, and
implemented. As an evaluation criterion, the image recognition model was evaluated based on the

accuracy of the face recognition program which is already being commercialized. In this experiment, it
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was evaluated that the recognition accuracy was good when the accuracy of the image classification was

more than 90%. A limit of our study which is a way to raise face recognition is left as a further research

subjects.
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2.1. CNN(Convolutional Neural Network)

[}
my  Hu

CNN 2 CONV, ReLU, POOL & ®HZotM st OtX[Zof= Fully connected network
IC}. Start with an image( width x hight x depth )22 T E|1 OFX|2f depth = 29|

T4
o|O|gtct. &, 3 o2k 6+ red, green, blue & LIEHLH IL<Figure 1>2| A< gray scale & LIEHACH

G311, maps 16@1000
5411, maps 16@5:5

£ feature maps

321 maps
Gidn4

INFUT
2

(Gauissian sonnectians

| Full sannectian

Convolutions  Subsampling Full connction

Camvalutions Subsampling

Figure 1. Convolutional neural network (LeCun et al., 1998)
G4 M| 20ko|A convolution 2 F=2

M l=dEl HE{ZLof Convolution 22 ZIES FESICH A
filter Q14H0] A EIH, WHSREE E7H feature E2 FE57| *I8t EEHE #3E W convolution 2
ArS et
max pooling
20|30
112 37
12120 | 30
8 (121 2| 0
34|70| 37| 4 average pooling
112/100] 25|12 13 8
79| 20
Figure 2. CNN stride
<Figure 2>%{H TA| o|O|X[o M B4 £20| #AH convolution O] Ko{Lt U= BA0|H stride
ZEHE O|S35tH mask off CHaH d4tE =&Stod LER ZANE T EEHCH O] M ¥ LHolM 718 &
2t gdo| WHEZ F|stE= average-polling O] QULCt.

£ max-pooling I} Z
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X 0|% Sub-sampling &2 Sall dlolE{el 27|82 ZHA BHECH O] 4%

Convolution 1}
EXE FES0{ 2BHM2Z fully connected E S8l && A7 QAls=g ZHELL

grsgsf] d2

2.2. EIXZ 2 (Tensorflow)

TensorFlow = 7|H| &&at EHi{de fIs 20 HM=EE 2ELA EHO|EEE|2EM, HIo|IFH EE2<
J2HZ(Data Flow Graph) H4lE A&35IRICt ol £EE2¢ d2iZ= % At Clo|Ee| &S
== (Node)®t A X|(Edge)E At 8t & JBfZ(Directed Graph)2 E38C =E= £3% 7|4 O|0|E
U/E™, O2|1 HolEQ HII/KME S9| atde s-ELICH AXIs =EE 7t Olo|Ee| UER] #HAHE

Il

LIEHTH 91Xl S5 AbOIZO| Chatel CIOIE] HY(=BIM)S AOILIZED], 0f7/01A HMBR2aHs
Ol 0| XlofFict BIM(Tensorys THefT 2t S CHYE Hobolkl OIMRE MOl HoIXIE,
k=2

|o rHI

=E20MeE & dlo|e7l MEEl= Chxtyd BHE2 o|O|EtCt. TensorFlow & #el ZIAHE &ML Z2
213 (deep neural networks,DNN) QiF @ SHo= F29| 7|AXIs HFEE W F2EH AR
AT RQ AX|L|0{E O 7HYE S+RAK|H, CHEEH CHE Eofol MEE £ US BHF O AARI0| YetXo|Ct.
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Figure 3. Tensorflow 714 Q4

TensorFlow o] 7|2 7|52 #t& Y=istod AnlE oFste A(X|Izsta)nt gre e=™stod of g2
ERste AHIXI=s&)0Ich XK=& 2 M, 2Y, 25, FYU 018,52 U350 RHE17H CHod
TAHE oY =2, FEHER 04F, A 047 S TESto{ HE MEHE HEsts XWOICh HIX|=3t &2
W2 AZOM AHXIZE BEFE M SEE FX| of1 HFE{0|AH 2otM 2Rt ste 2ot Ldutsls
FAURUX| LBHFX| 1 LotM ERSTS sliiF= Zolct =, CIO|E{Er B0l AT I HoiM o[Fof
x| ZE AEHE HE + A1 o W2 o|83HA EXME SHEY + Us 7Izolct

2.3. TF-SLIM
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TF-SILM O|2t o|O|X| BF, 282 <8t tensorflow 2H0|E2{Z|0|C}t. Google Research 0| A & & 5t
Xtz ol = TF-Slim 2 AlexNet, VGG, ResNet, Inception-V3 2 Zr0| o|0|X| EF 0l AFS ElE Deep
Learning CNN ZHE M35t Rct Hesl ZE UHERI T8 M3Bst= 7ol ofuzf,
Datasets(ImageNet, CIFAR10, MNIST, FLOWER), 2% Training I} Evoluating & + U& ZEIX|
N335tz ck AX|0{ ImageNet & O|&8t Pre-trained 22T A3t M2 0|0|X|oi CHEl Fine

Tune 7|ISE MZ5t1 QJLCt.
2.4, Inception-V3
V2 & 7|E9| Inception-V1 2| 7|=0f Ql=E3 Jid2 &o{ go{ ¥E HS ZH THE1 BN(batch

normalization)7|£2 Bt¥Est REES UStH, 0{7|0 FEAEE ?I5H convolution factorization, label
smoothing 2! Auxiliary classifier 0| BN 77t x| 2 & 7§ 0| M8 &l 22 0| Inception-V3 O|C}.

Inception 2 Tensorflow 374 & 2|7t 7t& ELO| AF&3t= Conv-Net (CNN)ZZO|Ct. Inception-
1l
o

Figure 4. Tensorflow2| Inception-v3 =&

inception v3 2 GooglLeNet ZEOIM ASEIRT 2014 AT o Z™HE o|OX| QA HEX{IZEM
AHS E|ACH

3. 0|0|X| QA =23 s H|R

= HolME ol0lx|E &3] ot olO|x[e| EFoi Cift BFE AESUCt SUS PC o SUF
Mo AHETFZE Python, Tensorflow & O|&35tACH. S 0|O|X[E O|OX| 44 2RI Inception-
V3 et TF-SLIM € S35l Hl 2445to] 27 YT E SHStIct.

3.1. o|O|x| M Ax}

Ot2H <Table 1> 2 Zt I3 ol U= ZxAtol| sl st UM AT E Eoi&ELC
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Table 1. Comparison of TF-SLIM and Inception-V3

TF-Slim Inception-V3

Downloaded image

ringlet, ringlet butterfly (score = 0.17076)

nonarch, monarch hutterf Iy, milkveed butterfly, Canaus plexippus (score = 0.15572)
lycaenid, lycaenid butterfly (score = 0.12823)

adniral (score = 0.04628)

lacewing, lacewing fly (score = 0.04339)

Probability 0.64 => [monarch, monarch butterfly, milkweed butterfly, Danaus plexippus:
Probability 0.27 => [ringlet, ringlet butterfly.

Probability 0.06 => [lycaenid, lvcaenid butterfly

Probability 0.03 => [sulphur butterfly, sulfur butterfly

Probability 0.00 => [lacewing, lacewing fly;

TF_EIHTI |I'II:EFHI:II'I“U3

Downloaded image

gown (score = 0.18808)

kimono (score = 0.05965)

maillot (score = 0.05869)

bikini, two—piece (scare = 0.05289)
torch (score = 0.03544)

Probabil ity
Probabi l ity
Probabil ity
Probabi l ity
Probabi l ity

20 => [groom. bridegaroon]

08 => [suit, suit of clothes]

[seat belt, seatbelt]

04 => [gown]

03 => [notebook, notebook computer]

o o o o
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a
I
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TF-Slirm

|I'II:EFHI:II'I_U3

Downloaded image

Probability 0.67 =>
Probability 0.256 => [tiger cat]
Probability 0.02 => [jaguar, panther,
Probability 0.01 =>

0.01 ==

Probabi l ity

tiger, Panthera tigris (score = 0.74040)

tiger cat (score = 0.15136)

Jaguar, panther, Panthera onca, Felis onca (score = 0.00433)
leopard, Panthera pardus (score = 0.00232)

snow leopard, ounce, Panthera uncia (score = 0.00075)

[tiger, Panthera tigris]

Panthera onca, Felis oncal

[leopard, Panthera pardus]
[tabby. tabby cat]

X Hm LtH| O|0IX|E TF-SLIM 22 2/5IE e 64 HUE 2EE monarch butterfly £
BRI, Inception-V3 2 EFRFE M= ringlet butterfly, monarch butterfly, lyceanid butterfly & 2z}
17, 15, 13 HMEQ| H|x & X2 BFSIICE Ol= TF-SLIM 7t Inception-V3 o HI3H < H=tEt
ERE gictn 2 £+ QIch AlA ol0/X|2ZX monarch butterfly 0] 27 El Zd0| M&tsicles e & £
4Lt

T e RF ARl AZIZ EFEIS M 2oQl ERloR BERE WS oKD F JHK| YUY
DF MNHCE BRSIX| Rotn FHEZE &, dMMEILL R E= ERIXAe EHoE BRE SHUCH
TR-SLIM o] A AlF o2 BRI, Inception-V3 = RS E B/ 5IRUCE O] AtE Eot ME Q| 2Z2&=
E30| 47 21 S§F XA7t E2HSCtD F55HA ZIRICH M2t F ZEE QI 214 J|sol=
MEtetx| ote Wo 2 2ol

Ml Hmi M7l 30| ALRIR2 F Jtx| ¢A 2 i 70 HHMEZR SFO0|2 ER/SIRICt ols
s0[et Zo| EF0| 2HE o|0|X|e] BRolle F 2E 2F M HEE sichs Ae & £ ot
37tX| A2 &350 TF-SLIM I} Inception-V3 = S&0| EYstn EEO0| H2 0|0X|E FE357]
Mt DRSS &l = o

4. Conclusion

GlolEfoll 7Igstod £Ixo] BHEFOILE Of& 2t Rob #O|DZ, SS4I}
staolM Hatx| 2T M5 MEE US Mits B 2T ORE
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