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Abstract

Forecasting the electricity consumption through analyzing the past electricity consumption a advantageous
for energy planing and policy. Machine learning is widely used as a method to predict electricity consumption.
Among them, ensemble learning is a method to avoid the overfitting of models and reduce variance to improve
prediction accuracy. However, ensemble learning applied to daily data shows the disadvantages of predicting
a center value without showing a peak due to the characteristics of ensemble learning. In this study, we
overcome the shortcomings of ensemble learning by considering the temperature trend. We compare nine
models and propose a model using random forest with the linear trend of temperature.
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Figure 2.1. Daily electricity consumption data of A hotel from 2016.1.1 to 2017.12.31.
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Figure 2.2. Comparison of weekly consumptions of A hotel during the first 16 weeks (2016.1-2016.4).
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Figure 2.3. Comparing with monthly consumptions of A hotel in 2016 and 2017.
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Figure 2.4. Daily average temperature and adjusted temperature in Suwon city.
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Figure 4.1. Scatter plot between log-transformed electricity consumption and adjusted temperature.
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Electricity consumption forecasting of A hotel using ensemble learning with temperature
Table 5.1. Parameters used in each model
Model . Trend parameters
Period « B o'
1,2,3 2 0.9978106 0.8288478 0.1417098
4,5,6 91 ARIMA(0, 2,0)
7, 8,9 2 0.2674424 0.1843937 0.3083806
Table 5.2. Accuracy based on train and test data
Model t.MAPE (%) RMSE MAE MAPE (%)
0.7569 0.1134 0.0932 1.1117
2 0.8002 0.1175 0.0942 1.1240
3 1.0246 0.1115 0.0895 1.0666
4 0.4478 0.1021 0.0853 1.0113
5 0.4903 0.1028 0.0859 1.0184
6 0.6094 0.0998 0.0835 0.9898
7 0.4461 0.1021 0.0853 1.0114
8 0.4888 0.1028 0.0859 1.0185
9 0.6077 0.0998 0.0834 0.9897
t.MAPE = train data MAPE; RMSE = root mean squared error; MAE = mean absolute error; MAPE
= mean absolute percentage error.
T2 Fd tlo]Elo& mean absolute percentage error (MAPE)E A3}
root mean squared error (RMSE), mean absolute error (MAE)
2 OM Za go|Ee] A3 MAPE: train
z55e 4 (5.1)7 go] BAAT}.
% 100 (%),

d]

Yt

5.3. 58 &7
97]19] E—Bg‘%% ]_n_a‘}“—
AL, oSl &3 Al HolE el
MAPEE ARESty. 5 U3 ALt wpgolAwt
data MAPE (t.MAPE)2}1 %7]8}2t}. o]
1 a Yyt — Ut
t.MAPE = -
1 n .
RMSE = n Z (ye — yt)2,
t=1
1« X
MAE = 7Z|yt*yt|,
n t=1
Ly — e
MAPE = ~ > | x 100 (%), (5.1)
t
t=1
4714 ti ARl T, N& F2 dlolg] A%0]T ne AR dlolg Asolth. 7 Zxo] ojat BeL 3
o] ZAS4F AA| g LA AL ZoR ¥ F2 EPoF B 4 9l
5.4. 2 A}
23 vy £ 2 Table 525 B Model 1-3 2t} Model 4-97} B £2 235 Byt 53] A3
AwPol] Ay TeAEE 23 D%ﬂ(Model 6, 9)0] 7P T 452 HATh ARIAARH(LM)S
3 EYPE FoA ARIMA BP0 FAE FAsks 2% TE-UH2 B0 s FAE FH5=
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Comparison of Ensemble Learning forecasts

o
~

©
o

= Method
8.5

E Real

= Model 3

88.41 Model 6

= Model 9

©
w

8.2+ train data (30 from tail) test data

0 20 40 60
Date

Figure 5.1. Comparison of random forest forecasts
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