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Development of a model to analyze the relationship between smart pig-farm
environmental data and daily weight increase based on decision tree
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ABSTRACT

In recent days, 10T (Internet of Things) technology has been widely used in the field of agriculture, which enables
the collection of environmental data and biometric data into the database. The availability of big data on agriculture
results in the increase of the machine learning based analysis. Through the analysis, it is possible to forecast
agricultural production and the diseases of livestock, thus helping the efficient decision making in the management of
smart farm. Herein, we use the environmental and biometric data of Smart Pig farm to derive the accurate relationship
model between the environmental information and the daily weight increase of swine and verify the accuracy of the
derived model. To this end, we applied the M5P tree algorithm of machine learning which reveals that the wind speed
is the major factor which affects the daily weight increase of swine.
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Fig. 1 Data collection facilities.
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Table. 1 Attribute of environmental data in the pig-farm.

Mark Explanation Unit
Temp.avg | Average Temperature T
Temp.max | Maximum Temperature T
Temp.min | Minimum Temperature T

Hum.avg | Average Humidity %
Hum.max | Maximum Humidity %
Hum.min | Minimum Humidity %
CO,.Avg Average CO, ppm
CO,.Max | Maximum CO, ppm
CO2.Min | Minimum CO, ppm
Wind.Avg | Average Wind m/s
Wind.Max | Maximum Wind m/s
Wind.Min | Minimum Wind m/s
Weight Weight kg
Daily Weight Increase kg
Threshold | 0<=0.6,1>=0.7 Double
0<=0.4,1<=0.9, 2 = Otherwise Double
Thresholdoj] 4] Daily Weight Increase= =% % 3}
FAEESAN oIt & Aol A
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Fig. 2 Decision tree model.
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Table. 2 Performance analysis of using all samples.

Daily _ 0<=0.4
Weight (1);8? 1<=0.9
Increase _' 2=The rest
Correlation
Coefficient -0.067 0.2612 0.3592
MAE 1.3061 0.4512 0.6343
RMSE 5.4155 0.4804 0.7373
RAE 116% 91.5% 95.5%
RSE 101% 96.6% 93.6%
Total
Number of 264 264 264
Instances
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Table. 3 Performance analysis by removing outlier.

Total .
Number of ggrerf‘;'litlm MAE | RMSE | RAE | RSE
Instances

264 0.067 | 1.3061 | 5.4155 | 116% | 101%
262 02317 | 0.6854 | 1.1479 | 102% | 99%
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Table. 4 Performance analysis by removing outlier.
(0<=0.6, 1>=0.7)
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Fig. 4 Model tree with outlier removed(0<=0.6,1>=0.7).
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Table. 5 Performance analysis by removing outlier.
(0<=0.4, 1>=0.9, 2=The rest)

Total .
Number of gg;ﬁ:ifg{ MAE | RMSE | RAE | RSE
Instances

264 02612 | 0.4521 | 0.4804 | 91.5% | 96.6%
165 09768 | 0.087 | 0.1154 | 17.6% | 23.2%

13 4= 47)19] leaf nodeS 1A 5= 3] F](Regression)

ERECES

HojFEh

S Conelation | \AE | RMSE | RAE | RsE
Instances
264 03502 | 0.6343 | 0.7373 | 95.5% | 93.6%
199 0.7718 | 0.4037 | 04554 | 68.3% | 63.4%
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