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ABSTRACT

This research aims to study the construction of a forecasting model for office building electricity
consumption through data mining. It collects data from electric power consumption (kW) and the unit value
in one hour (h) for 2176 hours to apply text mining algorithm techniques to analyze problems in power
management. The RapidMiner Studio program divides the data into three sets according to the electricity
meter in the office building. To create a forecasting model that is appropriate for the data set. This study
used Naive Bayes forecasting models, Generalized Linear Model, Logistic Regression, Fast Large Margin,
Deep Learning, Decision Trees, Random Forests, Gradient-Boosted Trees, and Support Vector machines to
find models that fit the power meter data set. This study found suitable forecast models for electricity meters
1 and 2, including Gradient Booster Trees. As for the third electricity meter, the most suitable forecasting
model is Random Forest, in which the model of each electricity meter has the highest accuracy and precision,

the least classification error, and the least MAPE compared to actual data.
Keywords: electrical energy, forecasting models, data mining
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Classification
model Accuracy Precision MAPE total Time
error
Naive Bayes 69.30% 30.70% 69.30% 40.70% 10s
Generalized linear 69.30% 30.70% 69.80% 50.70% 128
Fast Large Margin 69.30% 30.70% 69.30% 40.70% 12
Deep Learning 76.40% 23.60% 74.60% 29.60% 14s
Decision Tree Model 91.00% 9.00% 89.30% 11.00% 8s
Random Forest 90% 10% 89.40% 10% I min 17 s
Gradient Booster Trees 91.60% 8.40% 91.10% 7.40% 34s
Support Vector Machine 69.30% 30.70% 69.30% 40.70% 33s
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Naive Bayes 73.60% 26.40% 73.60% 46.40% 11s
Generalized linear 63.30% 36.70% 70.60% 36.70% 12s
Fast Large Margin 65.10% 34.90% 71.70% 35.90% Il's
Deep Learning 79.30% 20.70% 78.40% 30.70% 145
Decision Tree Model 93.40% 6.60% 97.80% 6.60% 8s
Random Forest 92.5% 7.50% 92.80% 7.50% 1 min 40 s
Gradient Booster Trees 95.80% 4.20% 97.20% 5.20% 33s
Support Vector Machine 73.60% 26.40% 73.60% 46.40% 30s
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Support Vector Machine

Naive Bayes 95.60% 4.80% 95.20% 5.80% 8s
Generalized linear 95.30% 4.70% 96.20% 5.70% 7s
Fast Large Margin 93.90% 6.10% 97.20% 6.10% 9s

Deep Learning 97.30% 2.70% 98.30% 2.70% 125
Decision Tree Model 96.10% 3.90% 96.70% 3.90% 7s
Random Forest 98.9% 1.1% 99.0% 1.15% 44 s
Gradient Booster Trees 96.90% 2.70% 98.80% 2.70% 35s
95.20% 4.80% 95.20% 4.80% 16's
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