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ABSTRACT

Recently, the wide spread of 10T (Internet of Things) based technology enables the accumulation of big biometric
data on livestock. The availability of big data allows the application of diverse machine learning based algorithm in the
field of agriculture, which significantly enhances the productivity of farms. In this paper, we propose an abnormal
livestock detection algorithm based on deep learning, which is the one of the most prominent machine learning
algorithm. In our proposed scheme, the livestock are divided into two clusters which are normal and abnormal
(disease) whose biometric data has different characteristics. Then a deep neural network is used to classify these two
clusters based on the biometric data. By using our proposed scheme, the normal and abnormal livestock can be
identified based on big biometric data, even though the detailed stochastic characteristics of biometric data are
unknown, which is beneficial to prevent epidemic such as mouth-and-foot disease.

FIHME © Hed, o)A Tl EAL AAIY w

Key word : Deep Learning, Anomaly detection, Livestock, Biometric data

Received 02 February 2017, Revised 06 February 2017, Accepted 27 February 2017
* Corresponding Author Tae-Won Ban (E-mail: twban35@gnu.ac.kr, Tel:+82-55-772-9177)
Department of Information and Communication Engineering, Gyeongsang National University, Tongyeong 53064, Korea

https://doi.org/10.6109/jkiice.2017.21.5.1009 print ISSN: 2234-4772 online ISSN: 2288-4165

@This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http://creativecommons.org/li-censes/ by-nc/3.0/)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.
Copyright © The Korea Institute of Information and Communication Engineering.



SR B ELISHS|=EX|(J. Korea Inst, Inf, Commun, Eng)) Vol 21, No, 5 : 1009~1015 May, 2017

I.M E

2| A=l E Yl 7]4(10T, Internet of Thing)S 7]4vt
O 2 3 AlA Y EQ A7 AT Zofoll ZEshA A&
L Qltk A& Eol, P9 A5 W SAksTollA
% 1oA & 5= Sl AR5 AtRgol7E =Yske] 2t
NA ] FoldE A8kl Al F e HIE Fl
Al ZA7E A RIS whefstar Sl o Rt Al
AUl 7IRE AlA 7] 0] SF4bs7HA8-o] Sl w4
AT A 9 7ESAA HlolE 9 gt o]
7FesliAaL ARt vldolgFt5o] s Alt ol
A =5 Hhlold o] thFet ZAISE ATV
& A8 AqtEo] FgE A Qi)

AR 742 AL ALY e aatte] BAE
Aok dAtoll Z|AISkE o] ol AREE AL Sl
5] o]H o] Aol A= ARERIEYL AlAZIRE AntE
Aol A =Rl =i 2] o] A glolE ef FALS] 2T
o[E|E 7|WFe. = 7| A5 A EY IS A&
sto] EARREH ol &} dPFAIRT] A nde
NSkt 3 F=vke] =272l Pigplano] 4=
ZE golg & 7k 2 m=o] YRS o35l o
T AYE UeH2]. HEo] vl= 824 Hieh -
= Ao A" ol e} 54| st olH E 7|t
o7 thokst 7|Ask57]H(Decision Tree, Random
Forest, Naive Bayes Classification)2 #]-8-5}¢] 214-9]
gaselol S nAE BFRASS BAsln
[34]

o [

2 Ao L 2RFEYT 2 AGA Dol F4
3578 ARSI 2 3)5hE v wA DEARE 2]

ghebshis ATE PHAS a9k 20104 FA 0.
|

o
3 =2
QIgt Tl 3] 2016\ et 2R=4t
L
]
2

R
o2 QI TajE 12910] Wglon] o $718 My
ojty. 53] olzfdt AAY AR FAkE7ol A
&35 7HAE wto] ole} 1] AN B B3 &
Ao R FEEA|E o v Ak =3t %o
AYes 2700l shefets AL R FEEATF
Aol = A olx]o] ik upeba] 7| AIStES o] gato] o]
A3t AYNAE A=stA Tefstr] fRt AEel ¢
B @ gl

A 27 LAY HolHE sk wo| gk
(Bayesian) 3! ] |(Regression) W¢hE FaiiA Aol
A7 255 wolshs A7 A eHs]. =5t 71
O] HAHoA 7|AISH52] Expectation Maximization
(EM) &a1e]E2 o]gsto] AAlolE S22 "S
ol AAIeE A7 AAE FEshe W= AlgE
= ITH6]. =l ARt 7HlehE F8l iAo A
< BUEY sto] A9 7S Tl A) Eet
= A7, 8].

A 7175t Rofoll A 4% 417 (Deep Neural
Network) o]l 714 &= © & (Deep Learning) <57}
TS WA LA[9], ZEAAE ol E of " P S A
3 A77F R AWET 9lek [10]9] AolA
CNN (Convolutional Neural Network) & ©]-&5}o] 4 9]
F5E FRAE ATE WP S 40 AL
AA517] 91814 CNNS 283t dAF7F A= ik
[11].

AA 7ts2okll A o] HeEd date = A

I

>

f

g

7

2
)
i
_O|L
2
x
%
I
b
0,
k]
o
X
3
Y
=
(o]
g
i
e

QFel] thal A AR o F 4ol i cheket 240l
WA Wore] A5 EAEaE ot

1010



O PR 2O 2 5o A = it vk ek

fou

3

=

AlAR

I

2HLE SALO| A= AHEQIE YL 7] A4 HIE=
o]-g-5to] W2 o] AAH ol E (AL, &5,
olFS) 7t FHHE L] & dAFtollAl= ol=gt 2ut
ARS 0] 8-5t0] 7hE0] A A HlolEl 7t 7]
SHge ST E3E oheFeh A HlolE|(H
5, AlS) 7R E 4= ol A dleld 1t
(Correlation) o] &A1& 4= QIckar 7143 cH

rr A
riek

2
ox [l

6].

AA YEYAE A 3] == thefet A o]
B 2] o2 SAE 5L 7HY S glek 2 Aol
A= AANALE AANA S A ElelE 7t 2] e
TAA 54 AdekaL 7Pkt ¢dlE SolAl ZHAl
o] 2¢] dole S ARGt & uf TA|elo] A
WA= 37 A o vlshAl 2 A B Alolth
E3k 2R S 2 AL AR AT AL
o] 77N A oll HIsH Al =& Aot

YA "ol |7} 7H-AI%E w225 A dThaL 713 [6]
o] elpe} e i Aol A ARl olel 7t A ole) F
A 54 Adrkar 7R skgich ot HiolE & E3l
A 2 A ol ] B gt BARES A 4 oot
I 7HgskelT). whebA [6]9] AlQbekyt Eel & A
ofl A AQkRE Wk AAH| ol 7} o w3t SEREE
wEcha ste ek 2 FAgh

ke 2 S E dlolE= o] HlolErt FATNA
ol Al == A=Al A A A = A=A HERA
L oehie 7R3 gieka 7P steh B el A
ghilo] ZoiXl lo|HE o]-83ste] Held 25 Sk
AlF L} & A =8k5HM] (supervised learning)2- ©]-83t
H =5 A (classification) & 122515 )

re Hdr o (moeld

¢

—

ZAoIM B2l S 0135 ZEIHA mietuot

Network) o] 2 Fefo|t}. Hed2 7IE 71 AIgks
9] SVM(support vector machine), decision tree2} Z+o|
oS 7IHEe 2 A A Q1 ek el vk o] ofY)

QIte] A BARE ASAE RS st
o] HlofelE Y25 A back propagationS
178742] 7152l (weight) & = gtch 2
o] thE 7IAISkE T} Ee] ek Q] 24
EgA WSS Hole ¢dagE=
53] 2k Aol dhaAl AR Alo]
fzs} orobA] dolge] X B4
P glon R gt 123t
& Sl Weldel A A
A3E vA B 7)) A4S

o

A7 4 9lglm @A) A g 4]

4
i

r\l

52 0
lo

ol
X r
>,
2
o,

N, o
i
= o

==

o o
R

2 X O of o R ©
o 1o
oM,
o d
it

(i)
o ™ o
o 4> ¢
pach
5

e
2]
ol
od
J
o

ol

(feature)

o

— o
i
e, ot '

i
jind

I
-0,
o
Ol

i

i
=~ o

7129 )

ujoFA o

=
Aol HH

ol
om -
o2 |

ol
o
foh
o
i)
k1
o,
i

=
Biome : .
wic I
data 1 >

; : 3 e

iome YR LG
tric e 2 :
data 2 ._

Linear RelU/ Linear RelU/ Linear ReLU/ Linear.
-20 Layers fl Dropout f§ - 40 Layers J Dropout | - 60 Layers | Dropout | - 80 Layers

Fig. 2 Deep learning model.
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Fig. 3 Visualization of actual and predicted results when
(r = 1, g n2=1), (1 a=1, gz 2=-2) and (o m=1, ¢ n2
=1), (0 =2, o «2=2)(left: actual, right: prediction, red:
desease, blue: normal).
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Fig. 7 Visualization of actual and predicted results when
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standard cauchy distribution (left: actual, right: prediction,
red: desease, blue: normal).
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