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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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Fig. 3. Clustering results example
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Fig. 4. Process of generating single image data for training

2. AF2 O[O]Ef AkA V. Hajd 7jgle] EXQIE oAl BE

T8 AR Ho]E 9 A= HEY oy £33A HEyd 7] 9 214 & El%—% ARS8l mt o]
& AA ¢kskth. COCO HoEAP 80Z 3} VOC H o|H el S4ES <laly, 2XE AS ugro g mEt
AU 2028 g8 3te] 80F 9] ALY t)sle] 35S A1 HolHE AAsl7] YalMs = °Jé1 drEE A=

t}. COCO datasets 7|02 -2 gojEo] Y& 4 9l
oJH]A|E VOCeIM 2o} olm|A|E F7h=2 Tl =
= AR S E HolH s -k vivA

AHBAVE 53 A SIS FHE S

7t olok k. 9 914 FuF JHEI B4 GO
W A4 el PEstEd AeE Aol Al 34
S FAYOE e WS A BEA 9L At 92
ol
p

fooE e

A

ghoojn] G SlE ARl B AFoE AR olg% o

/\
AAE #AHFE 75E "7P0} Atk e AHgete %XJ% FE3 W °]Z SVM, NN % 2



,_.
o
(o7}
o
T
z
ofy
of
o
ﬁ
r—1n
R
24
o
~
pry
By
=
Job
Do
o
—_
©
g
—_
o
e
=
=)
&5
<
=)
&)
EN
Z
o
o
Z
S
s
g
]
%)
=
N>

CHIAE Al AT A

F o) o|El & AFE-3}e] FacenetS SHEAIZTH AA
= Facenetol| A9 feature embedding network -
AHE-3ke] feature embedding networkE £33} fea-
tures SVMOE #Fate Jejo] F22 A3 fea-
ture embedding network= Inception-Resnet-V2E A3}

G ABAAE A5 AlH 44 REE A0
o

St} Adam optimizerS AHE-3}91 3L, weight-decay+ Se-4,

learning rate™= 0.001% &5S sl 19 5= <5

Train

Inception-Resnet-V2

Inference

Inception-Resnet-V2
(Feature Embedding)

Aok BAE Ae] AAHe) 2L e,

HeEd 719k AR Q1A EEE o
7R &2 A8 w7t HAEofok gt} w}
3 "Hejd AAHeE Aol ATH
Ak Q14 A1 TS COCO HlolEAL +VOC o Bl Al ol A
805 FUWEE FE3t shFshed AT 19 6
< SSDE AHE-3te] AbE A} oA & YR
t}. SSD &&= learning rateS 0.001, weight decay:
Se-4 & AAt sF 185kl

"ol

[e]

>,

o r?‘:

.ﬂ.o

Soft-max

08 5. Al 85, HAs PxE
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Table 3. Object recognition accuracy test

Cloud # of class |# of test data| Accuracy (%)
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Fag = Ak

£ =M E noe] olgte| B 15317 flste] mY
oA SANE ALES] WEH OB E FE3HE AlA

aistith AR A2Ee AP AE] WEjE

TFAste] WIS &olatA stk "eld 7Inke] Hhy
25 AHEle] 2 YL E Hole vEolH & Al
28S s oH, FEe-Eete] 45 v HAES

53l FHE vol" WolMe SHAES] 499 22 4
SEE Hols As AT AFERIZ] EEA AJAE
o] &5 $I3le] MobileNet 719+2] SSDE AHE-3151 7] o

=
o] ASE7F AWSE T Wttt 5 U ESAE W78t
zéi_ll £ 3 /\1-0}: A& o X]E(EE]— ﬁ]ﬁo}u}

= a2

£ Mo

g1E

# (References)

[1] LChoi, H.Song, S.Lee, J.Yoo, “Facial Expression Classification Using

Deep Convolutional Neural Network”, Journal of Broadcast
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.

[3] 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.

(4]

(3]

(o]

(7

(8]

(9]

(10]

[1

—

[12]

[13]

[14]

[15]

(16]

[17]

(18]

[19]

H Ad Az" 4 1083

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 5383 =EA A24d A6, 2019 11¥ (JBE Vol. 24, No. 6, November 2019)

X R A
=Yg
- 20184 28 : METE|arstm MANTO|C|0j28Ha ZEHA}
¥ - - 20184 33 ~ SAY : M2 |2CHSIm YRHHSH O|C|ofITSSH MALEY

- ORCID : https://orcid.org/0000-0002-7922-9638

- FUMEO: AH| HE, d= o4, Held, AREHA

- 20164 23 : YIS AFHAZEY OISR St
- 20184 93 ~ B - MESnaly|atistn YUHEHR O|C|oIT3Ern ALY
- ORCID : https://orcid.org/0000-0001-9212-4411

- FUME0F: AN AE, Hifd, RN

o = #

- 20184 28 : PRICYSH MAZStnt ZSHAF
- 2018 33 ~ EAY : MSTfl| STt RS O|C|ofITSStet MALHA
- ORCID : https://orcid.org/0000-0001-9212-4411

- FUME0F: AN AE, Hifd, RN

ut 7 gt
- 19844 28 : SR SIS MAES R JSHAL
- 198614 23 : oMLt MAZ St MAL
- 19914 22 : AM|CHSt MAISET} YA
A

>

- 19914 33 ~ 19961 93 : MAMEX} ATHE|HTA MAATH

- 20161 18 ~ 20174 128 : MSTE|LTHstm LIoITCIAIRISEIN S At

- 1999 83 ~ #AY : MERE|&tHstm MANTOICIHSS Y na

- 2006 12 ~ 20074 8 : Georgia Institute of Technology Dept.of Electrical and Computer Engineering, Visiting Scholar
- ORCID : https://orcid.org/0000-0002-7055-5568

- FLAFO0F : AFHEIN, XSEAZOICH

oco=0.




