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Using Spatial Pyramid Based Local Descriptor
for Face Recognition

Kyeong Tae KimT, Jae Young Choi'"

ABSTRACT

In this paper, we present a novel method to extract face representation based on multi-resolution spatial
pyramid. In our method, a face is subdivided into increasingly finer sub-regions (local regions) and

represented at multiple levels of histogram representations. To cope with misaligned problem, patch-based

local descriptor extraction has been also developed in a novel way. To preserve multiple levels of detail
in local characteristics and also encode holistic spatial configuration, histograms from all levels of spatial
pyramid are integrated by using dimensionality reduction and feature combination, leading to our
spatial-pyramid face feature representation. We incorporate our proposed face features into general face
recognition pipeline and achieve state-of-the-art results on challenging face recognition problems.
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319 A A Y E(facial subregions)® 223 &
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Ho] & 5 gl7] W& AE dF A 3t #E dFEEo] 7IE9 71ZJAE 7§F HZH (key-
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HHor oAHYE R/ AAFES vebdth Fig.
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Gallery Misaligned Probe
(a)
= ————————— T T T
I Distribution from our patch approach |
14orf [Illl Distribution from conventional keypoint approach |l - - - — - - — — — o m——— = -
T T

Frequency
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Distance score between a pair of gallery and misaligned probe
(c)

Fig. 1. Demonstration for the robustness (or tolerance) of our patch—based local descriptor extraction against mis—
alignment between the pre—registered gallery and probe(test) images from the same subject. (a) Computing
SIFT descriptors using our patch approach, (b) Computing SIFT descriptors using conventional keypoint ap—
proach [15, 16]. (c) Distributions of the distances [17] in the SIFT feature space to evaluate the degree of
similarity between a pair of gallery and probe. These distributions are generated using a total of 800 pairs
of face images.



0H

2 ASHE 7E JIgt XY D=k 28 L2014 DI 761

£ FE&30. A 85 (dictionary learning) ©A of o714 neRM 181 Te P MA dikzto)
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W AR 54 FF V1< (21, 22] AHee 28
ok Az 54 2718 9/(F, PCA23DE &4
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) f":[( y)T...(fg)T]f and f7=
gram h, at level | (corresponding to I=1). Note i L

[T )T @)
4714 fr, preroln 2 CE

that a spatial histogram h;"')\‘or each sub-region
is computed from a set of corresponding patches,
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o sl daE94 ZAA(AE e 1SS 53
S7) A5 o SR APE RAE B ol
2ol AR ER/VIN4]IE E8&3to Feth

g*=argmin d(f*,f?) (5)

1'e@
A7 d(-)e AYUE Asdstes WE"Y 4
(metric function)o|™ ¢*= =Y 179 Ud4=
Al (identity)-& YERATEH

3.4 o
31 M8 83

2 AT A At F3t AZH dF A 7|4t
A2l Zd Y A(framework) = A E H72 @
o] A8-%& CMU-PIE[10], FERETI11], FRGC 2.0
[35] 2 LFW[12]9] €& 97 diolEalo] =5 A&
st F £ HEE VFORE 120x120TFAE F
2@ da 99 FA-st 42 A (cropped) EF
@ T wY HAE VLR AESHT. v,
E Ao A LFW G73(34]& A Eo] HA g+ d=
Fgo] wol wAgth webA LFW ¥4E Viola-
Jones €& HZE7] [13]e WA A A71 A=
AdF 99 120x120F A 2 ThA] 2A 8T A E
Al 4214 AU & 7HEr] Yl LFW 8%
ol A9 AE glol d2 HE =Y
AL&3F9 T Fig. 3& A& 42 94
=

2 AgolA, Bo] AMgste 71€A< SIFTII8IE
A 7eAt FE2 AHLHAS WA E ] FHE
sg&3tr] H&l, A M= WA A A7
gxsP ARl dF Yol 25 A HAEF 3t
AL 8k<r(dictionary learning)< 93] E= Lloyd
k-meansE& T3 AbA(dictionary)] Z7]+=
[BlolA AFsHE H2 40022 A4 sHth Bow=
B< 75k 98 AF 71eAE HIFLE ) =(Visual
words) 2 "l ¥ (mapping) 3t HIFLA=E T3¢
2 sl 2EOf SH37] fla AP} F kd-tree
w16, 24]0] A&t ATHEE ¥FYE Y = (visual
word)E kd-tree?] ¥ 3 H E# 2 E (randomized
forest)oll # B TH24]). 1x1, 2x2, 3x32] 37] =&
(level)E 7H & 33t AS(F, L=2)2.2 334tk 4
(34 vetd 9,5 F437] 93 RLDA[21]¢}

KDDA[22]E #1249 54E& FZE3t=tl AHESH3A
ot T B35 7](nearest neighbors(NN))E T3
st7] flsl FE2 = A2l(Euclidean distance)”7}
RLDA$} KDDAe] AH&H AT & AFellA 3714
o] 4= dlolElHo] 2o thal ¢1Z(identification) A
& Y5t 4% HUME 8 78 WH 54
(Cumulative Matching Characteristic (CMC)) =741
[111& AHg3tgth gutzlo g A2 AL (1],
14]00 A AH&E Az EA 9] Ao o] &3ttt w
A A vlwE a8l (21, 22]9A] best found
correct recognition rate(BstCRR))©] <€14]-&(iden—
tification rate) 2 A= At 2}t vlolE JjollA 5
AP A Y AEe TR 4 JdH =22
B(probe) A2 Urlom, F 7o HE ztel
FEH 9452 gloh =3 A (dictionary)+= &#
Aol A T2 HdR 2 tidAH(class)F 270
9] ozl shEEQTE SA AFT T2 B

Fig. 3. Examples of cropped facial images (a) from CMU—
PIE, (b) FETET, and (c) LFW DBs, Note that every
faical image from CMU—-PIE and FERET is man—
ually cropped using eye coordinate information
and aligned using a fixed template [11], whereas
all facial images from LFW are directly obtained
using face detector output without any alignment
process [34].



[7, 918t olUe} 7]&E BoW(“CBoW"Z <F3) )4t
dz EA4, 25157 vns gt CBoWHHES
Astr] 98 7122] SIFT 7149 dael wat 2t
A I 71EAE(key-point)E WA HAZE3ch
192 ZF 7)1 EJ E(key—point)e] F7]¢} kol wh
gzt dF 99 SIFT 71€A2 ALket), vpx o
02 dE s T3] Al olgg EAE =
=9 = (codeword)Z #E] %4A}3}(vector quantize)
st =S BBoWHH S 788 o 8l =%
[6, 71el AAA w7 HFE SL3HA AT
TFAHFER 5x5 EE B, WHY SIFT(dense-
SIFT) 71&€x-& A4tslr] 918 4x3 28 AR} 77],
7+ B2 K=75 9 AFH(ZZE(codebook))Z 717} AF
£5Ah AFA e vnE 98] CBowet BBowW
oA de dF EAES AA 23404 A Iy
I AR Ao Z Akl B FE234 HIH £
7] (nearest neighbors(NN))ell 2 &3} 44 %
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3.2 CMU—-PIE C|O|E{H|0|A &2 AlE H|nw

FH 9%k =9 WH3}(illumination variation)©ll T
g Atste FF ATH dF B -8 2T
7] 93l CMU-PIE Hlo]gluo] 27} A= AT
CMU-PIE®l = 687 ] 14 thdAt=Sol el 2,856
(A A B 2780 Gl AW YR A
Ao} itk ZF 14 At tigk A= FAde] 42
Mol =% 7] Wal 24[101L 7HA L ok F&
AR BEE T3 Td JFS 634 <630 4
AR FAEAL U A 2448719 FEdES =
2 H(probe) H3ES FAdstedl AHE3SAT Fig.

Bt N DIkt €8 42014 0

= 763
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O
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1
N
i

BoEth 89 I ASH
KDDAoIA Z+2ZF 91.80%, 95.91%9] Als< e
At} Table 1014 #|ek3k F-

[>
fo

3.3 FERET Cf|0O|E{H]|O]

28E= A W3 (pose variation)ol] Thal T2+ Al
=2 dF EA #-8X (usefulness)S H 715t
FERET dlo]Ejr]o] 2o A 300 9] Q12 tid=&

F2 AE Hlm

ddoE % 25849 9GS AL 7
wo] e A5 FAHA 488 & e AaE

AdF G AU AR dF I4e —45°
NA 45° 7kA] Thddt dF AA Zd=r LEF 9
o}, (Fig. 3(b) #11). 292 &3t TH J&F2
1,20078] 9300 9] A4 th A 479 F3)
o2 FATA L, T2 H (probe) o= 3007 9
A2 tidzke] U A Godel 1,308%e] Fde s T
Attt

vl A3 Table 29 2t} Adsts 3 AF
zZ dF EA2 RLDA9H KDDAC thal BoW$h
BBoWEHHET §F3lth= AS & 5 Ut 53]
7t At T AFH dF EHLS AA Azt
Qe dF IS &nlEA JATTOE HolA
CBoWHZ ¥ ng g4 $-53lt), FAZ oz A
¢tat= W& RLDAS KDDACIA ZHzE CBoW X
o} 9.39%9}F 9.14% A = B =2 4] &(identification
rates) S GA YT olH T ol fr= I ATH EF
Exo] o7 Aol 27 wlx9 Y WIs x3t
stal Al bz wEtyh A2 Gl vebd w d=

Table 1, Comparisons of average rank—1 identification rates (in percent) on CMU—PIE DB to show the robustness
of our method against severe illumination variation

Low-dimensional feature Face Representation
extraction CBoW [4, 25] BBoW [6-7] Proposed method
RLDA 73.61£1.15 85.77£2.19 91.80+£2.79
KDDA 79.05+0.83 89.68+1.01 95.91£0.91
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Table 2. Comparisons of average rank—1 identification rates (in percent) on FERET DB to show the robustness of

our method against pose variation

Low-dimensional feature Face Representation
extraction CBoW [4, 25] BBoW [6-7] Proposed method

RLDA 78.71£1.98 82.10£1.92 88.10£1.92

KDDA 83.38+£0.70 86.15+1.23 92.52+0.30
1t Fx B8 (spatial structure invariance)< Ao g FXATH g2 A FEA (effective-
A = Q7] WEolth ol Y HA d= FHolA ness)< H7IE F U} £ AFA LFW H o] EfH]
FEH Z=Y=(codeword) 3| 2~ET gl H] o]zof tigt AFHE 93l 423 Y <1 dAE A
ng o = A4 HEt de dF Y Aol gt 560472 A= G4 dole IS FAA
T Ee] 7z oA B AHFHolA =9 o Q1A AR 7 dE I e 67 olA 19 A
3| ~EO9 #¥le] REF JheAdo] o ololth. EH FEY A% 1,260 G4 thdA
Z 3% I ZEE(probe) &S A Y
3.4 LFW OIO|E{H|0|A &2 AlS H|m 21 433549 Ao R F Y ¥4 AFeR U

H] A &F = (unconstrained) d=<U02 S A
59 42 94 tlolg o] =<2l Labeled Faces in
the Wild (LFW)& At&3te] F7hd 02 A3-e st
Atk el A F=HE 13,0003 o) A& FAto)
x3tEo] Qo At Ao W3yt A1, T
o] go] TA=E JTi12]. LFW H7} Z2EZFLS
L AA dFA Aol g A=A ASE
8l = Jolth, 28y [34]E #zsthd,

<= T38t7] 98 LFW 373
3104 AH PRl A& dF 4
TR Y3 d2 AEVE AESATH3AL
. 3()E LFW 943 24 dF 942 98 R
. Fig. 3(0)dlA & &+ dxol, 2487 FHE
Fe Aol ALdeA FUTh o] F F& LA

oA g2 S FHstE A Bl LS

%.m{ootor]r

o & Qﬂmg
?RHH_]

Mool

x T o

#—erﬁ

2NN

>—AI:191',>'

oo of H\

Identification Rate (%)

! ! —o©— Proposed SPFR

|
esbL -4 - _1__4_|—=—cBowin[4,25]
| | | | —+—BBoW in[6-7]
60 i 1 1 1 i 1 i
0 5 10 15 20 25 30 35 40

Fig. 4. CMC curves on the LFW database, (a) RLDA

& ootk Ak TR ASRH 92 5Ho]
BoW 718t 92 543} mastgl e v ¢4
%

&< HoEH &

Aol 7]Ee
Q12
3] KDDAS] A &3t AlSH 4

= 542 rank-1 )14& A%5olA CBoWR T 1528
%, BBoWXRT} 10.66% ¥HE 33t

A wlarskr] 98, d=A4 4

-]

o
% W7} 2 W FRGC 20 A9 4 Z2E2L
32319 tH35]. AF 4= vA <" %9 (uncontrol-

100 T

Identification Rate (%)

—8—CBoW in[4, 25] |1
—— BBoW in [6-7]
1 1 1

25 30 35 40

. (b) KDDA.
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Table 3. Comparisons with other state—of—the—art face recognition methods on the “FRGC 2.0 Experiment 4” using
the verification rate (%) at 0.1% FAR, Note that KDDA [22] is used for our method

Method Verification rate (ROC III) when FAR = 0.1%

Gabor + DCT + LDA [27] 89.00

LGBP + LGXP + Block-based LDA [28] 85.20

LBPH + Gabor + KDR (X2) [29] 88.10

Hybrid Fourier feature + LDA [30] 81.14

Gabor + LBP + KDCV [31] 83.60

Multiscale LPQ (MLPQ) + Kernel Fusion [32] 90.36

MDML-DCPs + PLDA + Linear SVM [33] 93.39

Proposed method 92.54
led illumination) ®&5 7HAl& AH A2 FFE9 g9 MY EA(e 429 3 FAH)S S F
A4 dse Frtst=s AAHo vk FRGC 2.0 AR A ARE Tl A I ATH d=
A3 4914 Bt (target) -2 16,0387 =5 ol EAo] AEAola A HE dF RIS FE T F
gk Aekd ez FAHH e, FHE(query) A AFsIAA, A4 A& FEANE + ds

A3 21 A7) = 801539 o= 71AH
Atk FAT BaE 8 HZ AEE OE

Q14 AEd =F(27, 33104 &
AT =Sk & 2ol dxEE ATelA 01%
2218 (False Acceptance Rate, FAR)ol th3+ <1
& (verification rate) A%< E17] W o
ZlEAet AR o2 vlastr] 98] e
1% L5EE(FAR)OA 1 35-&(verification
st Th wEbA Abs R o2 FHAal
S sEsta A A Hla &

T Atk Table 3914 & = 50l th& HAl U
]

rO
1>
o
i3
i
Lo

e
Mt

2o fo o 2
o
d
ol

&
]

o >
g >

o o
1> ‘.n
A

@
!
o
[e

2 %
B H5e 2YL ¢ 5 Aok 53, A

r o
olN
o
8 o

ze
y
18 14 B A 9339%(3319 Al FALw
Hisolny, ol ABATEL A Po] BAE
24 Y5 Adshe Gk HA dFUAL
PHES @ BA ABAZ F U S AT
e YD
4.3 =

B ERAAE WA Al A AEAsh 42
gl A% B 39 FIL ol 3] AF EHL
ZEsHe PHE ANFAT Selo 3 ASH A
2 542 ofd 9 31 ASE Agstel A9
E(AS 9Z 9 el BN )T AAHY

£ g

o

O do g O
fr

REFERENCE

[1] J.,T. Chien and C.C. Wu, “Discriminant
Waveletfaces and Nearest Feature Classifiers
for Face Recognition,” IEEE Transactions on
Pattern Analysis and Machine Intelligence,
Vol. 24, No. 12, pp. 1644-1649, 2002.

[2] Y. Su, S. Shan, X. Chen, and W. Gao, “Hierar-
chical Ensemble of Global and Local Classi-
fiers for Face Recognition,” IEEE Transac-
tions Image Processing, Vol. 18, No. 8, pp.
1885-1886, 2009.

[3] J. Sivic and A. Zisserman, “Efficient Visual
Search Cast as Text Retrieval,” IEEE Tran—
sactions Pattern Analysis and Machine
Intelligence, Vol. 31, No. 4, pp. 591-606, 2009.

[4] L. Fei-Fei and P. Perona, “A Bayesian Hierar-
chical Model for Learning Natural Scene
Categories,” Proceeding of 2005 IEEE



766

[5]

(6]

[71

[8]

[9]

[10]

[11]

[12]

HEIOICIOES ==X M20A X5=(2017.5)

Computer Society Conference on Computer
Vision and Pattern Recognition, Vol. 2, pp.
524-531, 2005.

S. Lazebnik, C. Schmid, and J. Ponce, “Beyond
Bags of Features: Spatial Pyramid Matching
for Recognizing Natural Scene Categories,”
Proceeding of 2006 IEEE Computer Society
Conference on Computer Vision and Pattern
Recognition, Vol. 2, pp. 2169-2178, 2006.
7Z.S. Li, J. Imai, and M. Kaneko, “Robust Face
Recognition Using Block-based Bag of
Words,” Proceeding of International Confer-
ence on Pattern Recognition, pp. 1285-1288,
2010.

Z.S. Li, J. Imai, and M. Kaneko, “Block-Based
Bag of Words for Robust Face Recognition
under Variant Conditions of Facial Expres-
sion,” Illumination, and Partial Occlusion,
IEICE Transactions on Fundamentals, Vol.
94, No. 2, pp. 5b33-541, 2011.

Le An, M. Kafai, and B. Bhanu, “Face Recog-
nition in Multi-Camera Surveillance Videos
using Dynamic Bayesian Network,” Proceed-
ing of International Conterenceon Distributed
Smart Cameras, pp.1-6, 2012.

K. Mikolajczyk and C. Schmid, “A Perform-
ance Evaluation of Local Descriptors,” IEEE
Transactions Pattern Analysis and Machine
Intelligence, Vol. 27, No. 10, pp. 1615-1630,
2005.

T. Sim, S. Baker, and M. Bsat, “The CMU
Pose, Illumination, and Expression Database,”
IEEE Transaction on Pattern Analysis and
Machine Intelligence, Vol. 25, No. 12, pp.
1615-1618, 2003.

P.J. Phillips, H. Moon, S.A. Rizvi, and P.].
Rauss, “The FERET Evaluation Methodology
for Face Recognition Algorithms,” IEEE
Transactions on Pattern Analysis and Machine
Intelligence, Vol. 22, No. 10, pp. 1090-1104,
2000.

G.B. Huang, M. Ramesh, T. Berg, and E.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Learned-Miller, Labeled Faces in the Wild:
A Database for Studying Face Recognition in
Unconstrained Environments, Technical Re-
port 07-49, University of Massachusetts,
Amberst, Vol. 1, No. 2, pp. 3, 2007.

P. Viola and M. Jones, “Rapid Object Detec—
tion Using a Boosted Cascade of Simple
Features,” Proceedings of the 2001 IEEE
Computer Society Conference on Computer
Vision and Pattern Recognition, Vol. 1, pp.
I-511-1518, 2001.

J.Y. Choi, YM. Ro, and K.N. Plataniotis,
“Color Local Texture Features for Color Face
Recognition,” IEEE Transactions on Image
Processing, Vol. 21, No. 3, pp. 1366-1380,
2012.

K. Mikolajczyk and C. Schmid, “Scale and
Affine Invariant Interest Point Detectors,”
International Journal of Computer Vision,
Vol. 60, No. 1, pp. 63-86, 2004.

A. Vedaldi and B. Fulkerson, “VLFeat-An
Open and Portable Library of Computer Vision
Algorithms,” Proceedings of the 18th ACM
International Conféerence on Multimedia, pp.
1469-1472, 2010.

S. Hual, G. Chen, H. Wei, and Q. Jiang,
“Similarity Measure for Image Resizing Using
SIFT feature,” EURASIP Journal on Image
and Video Processing, Vol. 6, pp. 1-11, 2012.
D.G. Lowe, “Distinctive Image Features from
Scale-Invariant Keypoints,” International Jour-
nal of Computer Vision, Vol. 60, No. 2, pp.
91-110, 2004.

P. Gehler and S. Nowozin,
Combination for Multiclass Object Classifica—
tion,” Proceeding of 2009 IEEE 12th Interna—
tional Conféerence on Computer Vision, pp.
221-228, 2009.

M. Brown, G. Hua, and S. Winder, “Discrimi-

native Learning of Local Image Descriptors,”

“On Feature

[EEE Transactions on Pattern Analysis and
Machine Intelligence, Vol. 33, No. 1, pp. 43~



57, 2011.

[21] S.J. Lee, CM. Oh, and C.W. Lee, “Improved
Face Recognition based on 2D-LDA using
Weighted Covariance Scatter”, Journal of
Korea Multimedia Society, Vol. 17, No. 12,
pp. 1446-1452, 2014.

[22] J. Lu, K.N. Plataniotis, and A.N. Venetsano—
poulos, “Face Recognition Using Kernel
Direct Discriminant Analysis Algorithms,”
IEEE Transactions on Neural Networks, Vol.
14, No. 1, pp. 117-126, 2003.

[23] ML.A. Turk and A.P. Pentland, “Eigenfaces for
Recognition,” Journal of Cognitive Neuro-
science, Vol. 3, No. 1, pp. 71-86, 1991.

[24] Leung, Thomas, Malik, and Jitendra, “Repre-
senting and Recognizing the Visual Appear—
ance of Materials Using Three-dimensional
Textons,” International Journal of Computer
Vision, Vol. 43, No. 1, pp. 29-44, 2001.

[25] G. Csurka, C. Dance, L. Fan, J. Willamowski,
and C. Bray, “Visual Categorization with Bags
of Keypoints,” Proceeding of ECCV Work-
shop on Statistical Learning in Computer
Vision, Vol. 1, No. 1-22, pp. 1-2, 2004.

[26] T. Ahonen, A. Hadid, and M. Pietikainen,
“Face Description with Local Binary Patterns:
Application to Face Recognition,” IEEE
Transactions on Pattern Analysis and Machine
Intelligence, Vol. 28, No. 12, pp. 2037-2041,
2006.

[27]1 Y. Su, S. Shan, X. Chen, and W. Gao, “Hierar—
chical Ensemble of Global and Local Classi-
fiers for Face Recognition,” IEEE Transac-
tions on Image Processing, Vol. 18, No. 8, pp.
1885-1896, 2009.

[28] S. Xie, S. Shan, X. Chen, and J. Chen, “Fusing
Local Patterns of Gabor Magnitude and Phase
for Face Recognition,” IEEE Transactions on
Image Processing, Vol. 19, No. 5, pp. 1349-
1361, 2010.

[29] X. Tan and B. Triggs, “Enhanced Local

[30]

[31]

[32]

[33]

[34]

[35]

[36]

A & JIEE N DIkt 28 92014 J1E 767

Texture Feature Sets for Face Recognition
under Difficult Lighting Conditions,” IEEE
Transactions on Image Processing, Vol. 19,
No. 6, pp. 1635-1650, 2010.

W. Hwang, H. Wang, H. Kim, S.C. Kee, and
J. Kim, “Face Recognition System Using
Multiple Face Model of Hybrid Fourier Fea-
ture under Uncontrolled Illumination Varia—
tion,” IEEE Transactions on Image Process-
ing, Vol. 20, No. 4, pp. 1152-1165, 2011.

X. Tan and B. Triggs, “Fusing Gabor and LBP
Feature Sets for Kernel-based Face Recogni—
tion,” Proceeding of International Workshop
on Analysis and Modeling of Faces and
Gestures, pp. 235-249, 2007.

C. Chan, M. Tahir, J. Kittler, and M. Pietikai—
nen, “Multiscale Local Phase Quantisation for
Robust Component-based Face Recognition
using Kernel Fusion of Multiple Descriptors,”
[EEE Transactions on Pattern Analysis and
Machine Intelligence, Vol. 35, No. 5, pp. 1164—
1177, 2013.

C. Ding, J.H Choi, D. Tao, and L.S. Davis,
“Multi-directional Multi-Level Dual-Cross
Patterns for Fobust Face Recognition,” IEEE
Transactions on Pattern Analysis and Machine
Intelligence, Vol. 38, No. 3, pp. 518-531, 2016.
S. Liao and A.K. Jain, “Partial Face Recogni—
tion: An Alignment Free Approach,” Pro-
ceeding of International Joint Conference on
Biometrics, pp. 1-8, 2011.

P.J. Phillips, P.J. Flynn, T. Scruggs, K.W.
Bowyer, J. Chang, K. Hoffman, J. Marques,
J. Min, and W. Worek, “Overview of the Face
Recognition Grand Challenges,” Proceeding
of IEEE Conference on Computer Vision and
Pattern Recognition, Vol. 1, pp. 947-954, 2005.
S.I. Choi, “Feature Generation Method for
Low-Resolution Face Recognition”, Journal
of Korea Multimedia Society, Vol. 18, No. 9,
pp. 1039-1046, 2015.



768 HEIOICIOES ==X M20A X5=(2017.5)

2 g

20161 A3t At
20174~ &A 39l Toirisha
AFE ARZSHR A AL
Aok plaleiy, sEl4, o
A=) 7

z xN g

2011d KAIST A71LA=F3
7 dhAb

2008 ~2009Y EEET
A

2011 ~2012¥ ERET S
AT

201213 ~2013d A woloy g AT
20139 ~2014 A AA AL ATY
20149 ~2016W FQjsta o 228y 2w
2016 ~ A =) mojhstn HFE. AR
g
TRk | 2l 71RF QFAIA # Al
FEAE

o)
i

&}

=]
‘—I‘T'}—

ok

Bl o] Al

o=,

vy

!

i)

)



