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ABSTRACT

Recently, big data analysis which is based on machine learning has been gained a lot of
attentions in various fields. Especially, agriculture is considered as one promising field that
machine learning algorithm can be efficiently utilized and accordingly, lots of works have been
done so far. However, most of the researches are focusing on the forecast of weather or analysis
of genome, and machine learning algorithm for livestock management, especially which uses
individual data of livestocks, e.g., temperature and movement, are not properly investigated yet.
In this work, we propose fast abnormal livestock detection algorithm based on machine learning,
more specifically expectation maximization, such that livestock which has problem can be
efficiently and promptly found. In our proposed scheme, livestocks are divided into two clusters
using expectation maximization based on their bionic data and the abnormal livestock can be
detected by comparing the size of two clusters. Especially, we divide the case in which single
livestock has problem and the case in which livestocks have epidemic such that fast response is
enabled when epidemic case. Moreover, our algorithm does not need statistical information.

7=

&, 4, HulolE, AW =] 2, A9 AW

N,
)
2

- 294 -



TABIES 1S3t TS T A7) WA wot

= =21 o

Ha

T7F o] Fol A A kT
FAEoklAE o A dHolHES T
o Zt AAEY BAE dSste 71ASE %
Eo] AFEol gt (119 AFNAME 71AE
< o] &3l A9 reproduction rateE E3}
Atk FAAEY So]7|E st ATEH S 249
reproduction rate® EA438tH{ 1 53 7|A S
4 E<¢ WEKAE /NEstAtt [2]. [BleA< =
A BYE o] 83t BES AMAS 55T
SakEopoll A o2 Z1AISkEel 7]k

of AT AT AN WA HolHE BE
ATE ool AR arspe
B AgoAs 12 Az A HolHE

ZIgte g 7|4 FgEHE &8st AV w4
MAE AAeRE dAsE Wts AdstATh
ARE WA= 7lYlgk At S (Expectation
Maximization)& ©]-&3&to] 7|AFo LA A
HolE & 2719 FHAEHE UFa o] F FH2
B Ato]lze] ®EE FalA ol MAE 27
A3tk AAgte R A A ARE 2UH
g FERE o MAE AAZECRE Fopd £ 9
ot TEo] At WAL A AA delH g
A AEIL gle BANA A8HoE FH~
HE TFA3EEZ oud AAHAAE HFHo=
2 &

Ak Wt e A EAE GE A o]
A AEAE AW SO ro #ddth o

F

gA FAGS g Ay dyel we =)
of A 5 A3 AdA APl U WE
$e JbsA shel b Ede Y 5
@},

. 2

rh

B AFoAs 7H5] AA HolE 7t AAte
2 FHHEs 8345 nEsidt =53 08 R
o AA HelHE(E S04 &4 MAEY AL,
=5, AF 5)° 88 F dva Vs AL
FHEE AA dHole & 3 934 (Co relation)
o] EAY &+ Ava AT FHEH= A
tolele] BAF EAE ZE7] wjie] AA o
ol &9 o] TS BXE wEry 7St
Aok =3I VMEES A FHS) ol BHE VL

A 5 oUm ofn gee] il webd thE
A #x shebElHE Jhritha 7S
B Aol A Az A wlolH e Felxy

g5 S&siAd Z1gE Az dads
(Expectation Maximization)& AH8-3tH ot 71 gk
HAdslol e & 58S Ad F 7FeAJL B
E7F S W o]E UHES 2x FAA 54
o] ¢1& W Maximum LikelihoodS Zth3} 3=
weko 2 peAek Bxo] melulEE oS3 A
AellolE gt

71 Hdsl ¢3elFol A= Bayes Theorem
< ©|&% conditional probabilityE &3
E-step3 o] & o] &3] F 7h9-AIQE £3x9] vt
HEHE o Z3E MsteplZ o] Fot}h g
Fol X E-step?} M-steps Wzo} 7HA |
olE st HA e etk I¥ 104 =
T AFo] TFAIRE a9 2] Frol AXEH #
o7 HAAEH Jdud dE S 2EHeG tOE F
H2EE Us F QAT iterativedt HUIC|EE
BaA HFHOE SHE custerE UFre AS
gl 5 AUtk

=7 | HEHOl M
2| clustering

|

a9 LoAlRE 71dgk HstE %
FHEHY oAl

71Ee] 719% Hs dagES o838k

& AASE o) d AAE SntEA Ye F 3
e &Add F AAT AT 71E] 71Uk
st daelses At B2E JhAE0

Aol Qe ArlE T oAle FeiH
A Hoz FHrHE GE 5 AE A
£ 54 AAEe o4 el Artm 2
7] ofdth mak Ak Slugt A g
SS9 W B A BAT WA Az
G4 AAZ} glolAl Aol Mol whet of
Bl #7F Frhe A4E FEE £ Ak

o1F 1A AshA A WM Fel
ol Aol= WslE wAshel ol dAAE shefs)
gl AQSE 0 BE QRS A%
Aol 9 Agels dHAE T Fezee
Aolzt Hl%E Aotk thgow wal Al
A7 B4 We APl URAL ZejsH
F @ 226 277k S %S oItk vhA
soz Ad4 Ayel BT Aol FejsH
o Aol =7k Aztel whebd sk ziolth. olF
Auroz s 2o ANz AR Held slu
VIA ot F1FE AL

-

-

2 ri

Fo o T oo
Bt T Or ox b rlr ox

o,
0

F

™

F

- 295 -



Algorithm 1 Algorithm to detect abnormal activity
1: Set juq, pt2, 01, 09,71, T2 to initial values

2: Initial Fy = Fy =0

3: while Fy < 6, AND F, < 6; do

4 Monitor biological data X
5: Store juy, fi2, 01,09, 71, Ta to pf™ ", pb oY BT AT AT
6: Update i1, p12, 01,09, 71, 7o using EM algorithm based on X
7: if g < |y — 77| <1, then Fy + Fy +1
8: if min(71,72) < 7, then 2 « F> + 1
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