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Load Demand Forecasting

Load demand forecasting is the process of
predicting future energy consumption in a
specific area.

It is used for electricity management and
stability by ensuring the supply matches the
demand preventing blackouts or overloads.

It is important to gather information related to
the dataset and to then explore that data.



Why is this important?

The topic of predict electrical energy
consumption is important since if done
correctly can prevent blackouts and save
money.

If an energy prediction is wrong it could make it
so that more energy is outputted than needed
causing power surges which then lead
blackouts.

Energy prediction can also be used to save
money.



Electric Power Consumption Dataset

e Energy consumption for the city of
Tetouan in morocco in 2017.

e The capacity is measured in
kilowatts per hour.

e There are 52,416 observations of
energy consumption on a 10 minute

windows.
Source:

https://www.kaqggle.com/datasets/fedesoriano/electric-power-consum
ption/data



https://www.kaggle.com/datasets/fedesoriano/electric-power-consumption/data
https://www.kaggle.com/datasets/fedesoriano/electric-power-consumption/data










Features that will not be present



Training/Testing Sets For DNN Model

Training set:

Datetime

2017-06-08
2017-06-08
2017-06-08
2017-06-08
2017-06-08

Datetime

2017-08-14
2017-08-14
2017-08-14
2017-08-14
2017-08-14

Tra

Temperature

20.
20.
20.
19.
20.

670000
388333
076667
960000
273333

Temperature

24.953333
23.750000
23.298333
22.731667
21.715000

ining

WindSpeed GeneralDiffuseFlows Hour

.068167
.070167
.077000
.075500
.072167

WindSpeed

.907167
.906500
.905667
.905167
.907167

.046333
.039000
.051333
.051167
.050167

GeneralDiffuseFlows

83.050000
.004333
.092500
.099833
.096167

Training set is from June 8th all
the way to August 14th.

\

Testing set:

Datetime

2017-08-15
2017-08-15
2017-08-15
2017-08-15
2017-08~15

Datetime

2017-08-31 19:00:
2017-08-31 20:00:
2017-08-31 21:00:
2017-08-31 22:00:
2017-08-31 23:00:

Testing

Temperature

21.155000
21.300000
21.725000
21.081667
20.708333

DayOfwWeek

WindSpeed GeneralDiffuseFlows Hour

.906167
.908333
.904167
.904000
.904333

Month Lagl

77547.325070
95241.605187
95799.335722
93825.287503
88423.131125

0.075333
0.074167
0.
0
0

086500

.091333
.084000

Lag24

.696422
.782785
.632710
.500048
.137647

Testing set is from August 15th
all the way to August 31st

X




Root Mean Squared Error (RMSE): 2278.7300457895853
Mean Absolute Error (MAE): 1503.21

Mean Absolute Percentage Error (MAPE): 1.84%




Training/Testing Sets for RNN Model

Training Data Datetime Range:

Testing Data Datetime Range:
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Training Set is from June Testing set is from

1st all the way to August August 12th all the way

12th to August 30th



Mean Squared Error (MSE): 88378182.96527651
Mean Absolute Error (MAE): 7242.885332785741

Mean Absolute Percentage Error (MAPE): 0.09128168437142119




Conclusion

Used the RNN and DNN model to try to predict energy consumption as
accurate as possible.

Got close to accurate results with the DNN model.

Discovered that summer tends to be the month where energy consumption
is at its highest.



Future Work

Expand the scope of the trained model by testing it on diverse datasets or scenarios. For example,
evaluate its performance on the energy consumption levels for the entire FAU campus or analyze
the energy usage patterns of buildings in different urban areas.

This approach not only verifies the model's robustness but also provides insights into its
adaptability and potential applications in broader contexts.
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