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Graph 4: Annual energy production broken into all sections.

Methods
⮚ Data Source
• Hourly demand data (MW) for all sector

(residential, industrial, etc) aggregated (IESO)*
• Annual demand (PJ) for each sector (NRCan)*
• Hourly air temperature and weather data (ETH

Zurich and Imperial College London)*
* All data from year 2003-2016

⮚ Software
• R & Python

⮚ Variable Selection
• Temperature and air density have the most impact

on energy usage, but they are highly correlated

Amin Kharaghani, Huiyan (Ashley) Mao, Michael Prashad, Shuting Lou

Objectives
• To predict the hourly electricity demand in the

residential sector in Ontario
• To explore the key predictors in forecasting

hourly electricity usage
• To compare and evaluate the performance of

four time series models and a neural network in
predicting electricity usage

Graph 1: Temperature

and air density found to

have the most impact on

electricity demand.

Conclusion
• LSTM outcompeted the other models based on its

minimized MAE value (14.62)

• Temperature and air-density are the important
predictors for electricity usage

• This analysis prompts the possibility of using LSTM
model in electricity demand forecast
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Results
⮚ Hourly Usage on Residential Sector
• The hourly electricity demand provided by the 

organizers well as exported energy
• Residential-specific usage was calculated using 

proportion (blue)

⮚ Electricity Usage Behaviour 
• A clear daily trend, and a weekly trend as well as

an annual trend behaviour is seen with energy
usage, shown below.

From Time Series Models to Neural Networks: Predicting 

Energy Usage in Ontario

Graph 6: Daily, Weekly and annual energy usage behaviour.

Graph 2: Temperature and

air density found to be highly

correlated

Graph 5: Weekly energy usage behaviour. 

Graph 7: A comparison of the different methods we used, based on their

MAE values in PJ. Predictions from LSTM had the lowest MAE value.

Graph 8: A seasonal comparison of predicted and actual energy demand

for the residential sector, using LSTM model. The predicted demand

closely followed the true energy usage,

⮚ Training and Validation

Graph 3: Nested cross-validation was applied to train the model.

⮚ Model Performance Evaluation


