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ABSTRACT

Recently, big data analysis based on machine learning has gained popularity and many
machine learning techniques have been applied to the field of agriculture. By using machine
learning technique to analyze huge number of samples of biological and environmental data, new
observations can be found. In this research, we consider the estimation of proportional daily
weight increase (PDWI) based on measurement data from experimental swine farm. In order to
derive the exact formulation for PDWI estimation, we have used measured value of mean, daily
maximum, daily minimum of temperature, humidity, CO2, wind speed and measured PDWI
values. Based on collected data, we have derived equation for PDWI estimation using tree-based
algorithm. In the derived formulation, we have found that the daily average temperature is the
most dominant factor that affects PDWI. Our results can be applied to pig farms to estimate the
PDWI of swine.
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Correlation coefficient 0.9064

Mean absolute error 0.0011

Root mean squared error 0.0014
Relative absolute error 42,0673 %
Root relative squared error 41.8342 %
’ (R Total Number of Instances 77
a9 1 ATellA &8E tolE ¢ 4 8 9 Mg g ZA =] e

HEolE £4E AT JASs dndEow -
£ Eolrl GuelFe Msp EdE olgsgy. T 2T M SAE 18 45T Y
o wuolE EAGA dZs: ugol AdSAel AR=g RAdH. d¥ A

True/False®] HlolH ] A ko] ofd 2z A
dFSA o)A sVvDe} o] F 1FS F
Heles dugEs AHRE F QY] wEolth
E3F st AHETEES HHolH dagE Fol
A Ms5P EEj7 7HE A &3 A3E B

B AFdAE HdHelH #4S T3 2=
2o AAARE 7Hto g 2+ AQAY dGSAF
(BtFell F7tete AFH) & dSFste WS A
ettt SR Y dIFFAFS A5 A
A EE e BAAEE F8IATh = dF
SA o] AL ATl weA WME F o=
2 (X AAFAe F=sEd AL ATl
“LO] vz we] dFAFe] o %L) G5 =
& AFoE UE HESIdGFAZFE ASsHA ot
Attt B AFodA = HESHA %%X]% AA o

Lo

FEAFE WeYIEAE dSee YTIYEL
sty e w NedPEFAAS dueFe A
g5t o 52 AL AT F AT

AeEAE 9814 10-fold validatione &85}

A AT F dxo] B AFolA AL 54

correlationS Ho|1l 42%9] Aj
HE&Q2E Hols AL AT &

<> |

S04/ 16~430  5/15~5124 ‘
-1000 ’ =T
— 7l 2
— x| 3
-1500 w w w
0 10 20 30 40 _ 50 60 70 80 90
ME number (SHAIZITH 5Y)
a9 3 vEdIGTAd S e 24k
1) H]

- 184 -



npREto 2 79 38 MAP EYE o =H H&
AGZAGT AA g oAF BelETh 1Yo
A B & gl 30 Al dsiA Hsd
ABFL Holt: A FAY 5 U

zke] drol eigol FEIAE 2
& it

nm. & =

B AT APEAN 2D A S
A olEl o BAU e AulolE FAgetS
g1 Ao ABFAFL ol Zats L1
A I S Y

EAG %%?VMAWPUV\% HolH &
%%6‘?9&3}. E3 52 AYEE e HEYTE
A S M5P EE o] &3lo] A tety
I olE T3 =AY HE2mUt =AY d9FE
Aol 7t & TS vAE FHaLYES FHA
AT B AT A At v edId=A o =2
2 ARE FEETLA A A *3*“4 9=
stetl 8% & A Aol e W ouE
G AHAQAE Ao =X E/\]-:Qj—ﬁ&%é uro}
of &8d & Us AHolth EZ 2PEEAE T

= i S I

ACKNOWLEDGMENTS

dAE (=, FPANE, FTEREd
TENEAE AT (AFHAE: b
g g EAEE @5 ddHely 289
g AT, AEAARE: PJ0105412015)2
doll &3] o]Fo] A AY. =EF o] AT
20149 % At n s A LAY
TIAY A7l g3t FHEAS

>

I
ot

=]

[1] DZ. Caraviello, KA Weigel, M. Craven, D.
Gianola, NB. Cook, KV. Nordlund, PM.
Fricke, MC. Wiltbank, “Analysis of
reproductive performance of lactating cows

on large dairy farms using machine
learning algorithms,” ]| Dairy Sci. 89(12)
2006.

[2] R. Scott Mitchell, Robert A. Sherlock, Lloyd
A. Smith, “An investigation into the use of
machine learning for determining oestrus in
cows,” Computers  and  Electronics in
Agriculture, 15(3), 1996.

- 185 -

(3]

[4]

o|Hl<,
Ak g Ezd” ?%%Z/EJW M@
2009

P. Flach, “Machine learning: the art and
science of algorithms that make sense of
data," Cambridge University Press, 2012.





