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1. Introduction

• Power system

• Transmission System Operator (TSO)

• Day-ahead market

• Power grid load

• Goals of the paper:

– Develop a high accuracy model for grid load forecasting

– Have grid load forecasts ready for day-ahead market participation

– Explore how meteorological data can improve grid load forecasting
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2. Methodology
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• Data analysis

• Data preparation

• Feature engineering

• Model training
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2.1. Data analysis

• Total grid loads (Jan 2018 – Mar 2022)
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2.1. Data analysis

• Temperature data on 4 selected locations (May 2019 – Mar 2022)
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2.1. Data analysis

• ERA5 temperature data (Jan 2018 – May 2019)

– Measurements (terrestrial, satellite,…) + NWP

– Grid format
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2.2. Data preparation

• Bilinear interpolation of ERA5 data

• Merging data sources

• Dataset generation
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2.3. Feature engineering

• F1
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2.3. Feature engineering

• F2 and F3
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2.4. Model training

• Forecast horizon: 48 h

• 1 regressor for each hour of forecast
– Arranged in chain fashion

• 5 models (Historical grid loads + Date features)
– No temperature (ridge)

– Raw temperature (ridge_meteo)

– F1 (ridge_singlefit)

– F2 (ridge_quad)

– F3 (ridge_quart)
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3. Results and Discussion

• Comparison measures for relevant hours
– MAPE

– MAE

• 4 subsets of total test set
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3. Results and Discussion
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4. Conclusion and Future Work 

• Conclusion
– Grid load forecasting is of high importance to system operators

– Low complexity ML techniques can achieve high grid load forecasting
accuracy

– Inclusion of temperature as a feature greatly improves grid load
forecasting accuracy

• Future work
– Exploring other meteorological variables

– Exploring more complex ML techniques
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Additional slides
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2.2. Data preparation

• Bilinear interpolation of ERA5 data
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2.3. Feature engineering

• Temperature in raw form - 𝑥

• F1: 
𝐹 𝑥 = 𝑤1𝑥 + 𝑤2𝑥 + 𝑏

• F2: 
𝐹ℎ 𝑥 = 𝑤1𝑥 + 𝑤2𝑥 + 𝑏,

ℎ = 1,… , 24

• F3:
𝐹ℎ 𝑥 = 𝑤1𝑥 + 𝑤2𝑥 + 𝑤3𝑥 + 𝑤4𝑥 + 𝑏,

ℎ = 1,… , 24
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2.4. Model training

• Ridge regressor output:

𝐹 𝑥𝑗 =
1
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• Finding optimal weights 𝑤:
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• Optimization (2) done using SAG
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3. Results and Discussion
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