,_.
o
=
=
ok
ofy
of
=
toy
i

A A244 A6Z, 20199 11€¥ (JBE Vol. 24, No. 6, November 2019)

Uuk=E (Regular Paper)

W3 aks] =24 22448 A6, 20199 112 (JBE Vol. 24, No. 6, November 2019)
https://doi.org/10.5909/JBE.2019.24.6.1076

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

r_/

njt]o] o}7}o|H F=S 93 SACNE
el

ol A @Y, o & Y, F P Y, 2 F @), o & AY, w7

=, AkE vEolH A4 A|2H

r (]

2 4w, o] 5 7

2

Implementation of Character and Object Metadata Generation System
for Media Archive Construction
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Abstract

In this paper, we introduced a system that extracts metadata by recognizing characters and objects in media using deep learning
technology. In the field of broadcasting, multimedia contents such as video, audio, image, and text have been converted to digital
contents for a long time, but the unconverted resources still remain vast. Building media archives requires a lot of manual work,
which is time consuming and costly. Therefore, by implementing a deep learning-based metadata generation system, it is possible
to save time and cost in constructing media archives. The whole system consists of four elements: training data generation module,
object recognition module, character recognition module, and API server. The deep learning network module and the face
recognition module are implemented to recognize characters and objects from the media and describe them as metadata. The
training data generation module was designed separately to facilitate the construction of data for training neural network, and the
functions of face recognition and object recognition were configured as an API server. We trained the two neural-networks using
1500 persons and 80 kinds of object data and confirmed that the accuracy is 98% in the character test data and 42% in the object
data.
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Table 2. Character recognition accuracy test

Cloud # of class | # of test data | Accuracy (%)
NAVER CFR API 26
AWS Rekognition 1500 31k 22

Ours 98
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Table 3. Object recognition accuracy test

Cloud # of class |# of test data| Accuracy (%)
Google vision API 46
AWS Rekognition 30 600 62

Ours 41

w22

B =AM rite] ofgte| BE FE3517] $lste] miY
ol Yol A SAE, A1E9] el oHE F&35= AlX
sk ATE AA A 2"S API A Y FEHZ

).

Tt JIAE GolstAl stsith Held 7Inke] W
25 MMt & gL E Hole v olH F& Al
28g FEsoH, FeeEste] 45 Bl HAEES
3l FRE HolH WellMde $8d=2 4% H T2 4
SLE Hole As ERIFTh AHERQIY EENA ALY
o] £ 9lsto] MobileNet 7]1He] SSDE AHE-313171 W
ol ALE=rt AWSHE T Wkt 5 U ELAE WA st
o] A5 Pete AP AP T Aol
# 1 & 8 (References)

[1] ILChoi, H.Song, S.Lee, J.Yoo, “Facial Expression Classification Using
Deep Convolutional Neural Network”,
Engineering, Vol.22, No.2, March 2017.

[2] H.Jun, G.Hyun, K.Lim, W.Lee, H.Kim, “Big Data Preprocessing for
Predicting Box Office Success”, KISE Transactions on Computing
Practices, Vol.20, No.12, pp.615-622, December 2014.

Journal of Broadcast

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10

—

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

H Ad Az" 4 1083

F Schroff, D Kalenichenko, J Philbin, “FaceNet: A Unified Embedding
for Face Recognition and Clustering”, The IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 815-823,2015.
W.Liu, D.Anguelov, D.Erhan, C.Szegedy, S.Reed, “SSD: Single shot
multibox detector”, arxiv:1512.02325, 2015.

Y.Wen, K.Zhang, Z.Li, Y.Qiao, “A discriminative feature learning ap-
proach for deep face recognition”, In European Conference on
Computer Vision (ECCV), pages 499-515, 2016.

W.Liu, Y.Wen, Z.Yu, M.Li, B.Raj, L.Song, “SphereFace: Deep
Hypersphere Embedding for Face Recognition”, The IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 2017
J.Redmon and A.Farhadji, “You only look once: Unified, real-time ob-
ject detection”, In CVPR, 2016.

R.Girshick, J.Donahue, T.darrell, J.malik, “Rich feature hierarchies for
accurate object detection and semantic segmentation”, In CVPR, 2014.
Y Kim, J.Woo, J.Lee, J.Shin, “High-quality data collection for ma-
chine learning using block chain”, Journal of the Korea Institute of
Information and Communication Engineering, Vol.23, No.1, pp.13-19,
Jan 2019.

K.Zhang, Z.Zhang, Z.Li, Y.Qiao, “Joint Face Detection and Alignment
using Multi-task Cascaded Convolutional Networks”, IEEE SIGANL
PROCESSING LETTERS, Vol.23, No.10, October 2016

W Kiri, C.Claire, R.Seth, S.Stefan, “Constrained K-means Clustering
with Backgroud Knowledge”, Proceedings of the Eighteenth
International Conference on Machine Learning, pp.574-584, 2001
Szegedy C, loffe S, Vanhoucke V, “Alemi, A.A.: Inception-v4, in-
ception-resnet and the impact of residual connections on learning”. In:
AAAL vol. 4, pp. 12, 2017.

Chris Biemann, “Chinese Whispers - an Efficient Graph Clustering
Algorithm and its Application to Natural Language Processing
Problems”, TextGraphs-1 Proceedings of the First Workshop on Graph
Based Methods for Natural Language Processing, pp.73-80, 2006.
Tsung-Yi Lin, Michael Maire, Serge Belongie, Lubomir Bourdev,
Ross Girshick, James Hays, Pietro Perona, Deva Ramanan, C.
Lawrence Zitnick, Piotr Dollar, “Microsoft COCO: Common Objects
in Context”, arxiv : 1405.0312, 2015.

Everingham, M., Van Gool, L., Williams, C. K. 1., Winn, J. and
Zisserman, A., “The PASCAL Visual Object Classes (VOC) Chal-
lenge”, International Journal of Computer Vision, 88(2), 303-338,
2010

C. J. C. Burges, “A tutorial on Support vector machines for pattern rec-
ognition”, Data mining and knowledge discovery 2, pp. 121-167, 1998.
B. Moore, “Principal component analysis in linear systems: Controll-
ability, observability, and model reduction”, IEEE Transactions on
Automatic Control, pp. 17-32, Feb 1981.

L Maaten, G Hinton, “Visualizing data using t-SNE”, Journal of
Machine Learning Research 9, pp. 2579-2605, Nov 2008.

Andrew G.Howard, M.Zhu, Bo Chen, D.Kalenichnko, W.Wang,
T.Weyand, M.Andreetto, H.Adam, “Mobilenets: Efficient convolu-
tional neural networks for mobile vision applications”, CoRR,
abs/1704.04861, 2017.



1084 W3l =EA A248 A6, 20199 11¥ (JBE Vol. 24, No. 6, November 2019)

X XA

x4

- 20184 28 . MESZe7|&tistn MANTO|C/S i }g—éw
- 20181 38 ~ BiAY : MSTSI7|StHstm LTSI D|CofITSsiat AARY
- ORCID : https://orcid.org/0000-0002-7922- 9638

- RIS AH| 1B, 22 o4, ERld, B

ofsF
- 20169 28 : HYLSW HFHAZE0ISSZ SSHA}
- 2018 9 ~ FAY : MSHSYT| SRS LRS! D|C|OfITSEI MALY
- ORCID : https://orcid.org/0000-0001-9212-4411
- FHME0F: 4N AS, H2id, AREHH

- 20184 23 : RISt MASS SeHAL

- 20184 3 ~ SAf : MSIEY|ECHStm LS DICIOITSS2 MALHY
- ORCID : https://orcid.org/0000-0001-9212-4411

- FEAMEOL: 2N AE, Hed, HFEHA

o8 A

[=

- 201643 28 - SMoHm mwx&a AL

- 201644 13 : KBS 7|&

- 20194 33 ~ &Xf : KBS III|I1|0<|7|A 174 AIRDATAE!
- FBAIROF : HFEIY, SUNEHE, Y2 o4

220134 8% : GIACHEHD M7|MALZSIL ZatAb
MA

IR

o

- 19944 2 O|S{O{AINSI I MAPA[AEt L £
b71&

- 199614 22 St |SRI(KAIST) Mitatat MAL
- 2006'A 83: Sl=Itely|ER(KAIST) MAH LISt} BEAL

- 19961 18 : KBS 7|04 QAL
- 20194 38 ~ B : 3 KBS 0|C|07|&MTFA 4%
- 20064 : ABU =2LHAM A
- 20154 : CHSHTI= HE(D|C|o] 7|&hAr A
- 2005~2010 : AL EZ=3} 04
- =2 9 7|02 80H oAl wtE Cig
- FUAMS0E: TE(D|Tiof MIE 7]E, 2HIX X2|7|E, DICiofMSMEA J|E




ZA 9 390 vTe] opztelH 7S 1% FAUE, A viEtely A AlX" 7 1085
(Sungman Cho et al.: Implementation of Character and Object Metadata Generation System for Media Archive Construction)

XN A A M
CIE
- 19974 29 ¢ ‘='A+LH§|E_ HMAFZSIL Z8HAL
- 19991 28 : BACYEH N MAKZEHT} MAL
- 20124 78 : SMCHSln M7 [HAKSS R EiAt

- 19994 38 ~ 20164 58 : KBS 7|&%74

- 20164 58 ~ 20173 6 : KBS CIX|EHAH|AZ CIX|EAH|ATH LR
- 20174 6Y ~ 20184 48 : KBS C|X|EA{H|AZ ATSC3.0E!

- 20184 43 ~ 2019L4 28 : KBS D|C|0f7| &4 AT |EElE

- 20194 3¥ ~ &K : KBS 0|C|07|&%174A AIGDATAEIR
FEAZO0L 9.:.%1 [™, Gakxz|, 20tED|C|of

of &
- 201244 28 : GNTHSIT &R SHE TopAt
- 20144 2% ; OIMCHEHD HECREH AL

- 20144 33 ~ S| : SI=UETA} O|C|017| &7 A 2001

- FEMEOF: &S

[0

- 19843 2 : Sh=&STHatn MAZSHL ZSHAb
- 19861 2% : CIN[CHEIT MAFZEIT} AlA}
- 19914 29 : CINCHEID MAFZSID} HhA}
- 1991 33 ~ 19964 9 : AMFAL MSHE|AFA MUNATH
- 20161 13 ~ 20174 123 : M3 | S0 LHITC|RI SRS #
- 19994 83 ~ A : ME2S7|Sfstn MANTO|C|ofSst W
- 20061 13 ~ 20074 8& : Georgia Institute of Technology Dept.of Electrical and Computer Engineering, Visiting Scholar
- ORCID : https://orcid.org/0000-0002-7055-5568
FLRIZO0F - AFEHN, XSEAZICI

T =T oo=20o




