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Motivation

ÁTimeseries: Important inputs in energy system models (ESM)

ÁChallenge: Timeseries forecasting 

ÁRequirements for forecasts in ESM:

ÁReliable

ÁFast

ÁConvenient

ÁPromising advances in machine learning; How are they applicable in ESM?

ÁToday: Case study on price timeseries forecasting
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Simulating Electricity Markets with AMIRIS
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Input
-RE feed-in

-Load

-Power plant park

-Efficiencies

-Plant availabilities

-Fuel & CO2 costs

Output
-Electricity prices

-Power plant dispatch

-Storage dispatch

-Market values

-Emissions

-System costs

Round-based simulation in hourly resolution

Published open source under Apache 2 license

See also https://dlr-ve.gitlab.io/esy/amiris/home/

Fig.: AMIRIS model architecture

https://dlr-ve.gitlab.io/esy/amiris/home/


Idea: the Price Forecasting Agent

Aim

ÁCentral forecast agent

ÁPrice forecasts for >=24h 

ÁFeeds schedule optimization of agents

Available Inputs

ÁPrevious prices

ÁPrevious residual load

ÁFuture forecasted (residual) load

ÁFuture forecasted EE generation
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Fig.: Concept of new Price Forecasting Agent in AMIRIS



Methodology

Naïve Methods

Át+1, t+24, naïve drifts

Serving as benchmarks

Regression Methods

ÁLinear Reg., LightGBM1, Exponential Smoothing

Common statistical approaches

Machine Learning Methods

ÁNBeats2, TemporalFusionTransformer3, DeepAR4

State-of-the art machine learning methods
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Data

ÁTimespan 2003 ï2019

ÁEEX: 

ÁDay-ahead auction prices

1 Ke G. et al. (2017): https://papers.nips.cc/paper/6907-lightgbm-a-highly-efficient-gradient-boosting-decision-tree
2 Oreshkin B. et al. (2019): https://doi.org/10.48550/arXiv.1905.10437
3 Lim B. et al. (2021): https://doi.org/10.1016/j.ijforecast.2021.03.012
4 Salinas D. et al. (2020): https://doi.org/10.1016/j.ijforecast.2019.07.001

https://papers.nips.cc/paper/6907-lightgbm-a-highly-efficient-gradient-boosting-decision-tree
https://doi.org/10.48550/arXiv.1905.10437
https://doi.org/10.1016/j.ijforecast.2021.03.012
https://doi.org/10.1016/j.ijforecast.2019.07.001


Results Naïve 
t+24
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Exemplary predictions
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Performance overview

t0
168 h 24 h

t0
168 h 24 h

Tab.: Mean Absolute Error (MAE) in ú/MWh for each hour in year 

Fig.: Timeseries of historical prices (black) and forecasted prices (red)



Results Regression
Exponential Smoothing
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Exemplary predictions
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Performance overview

t0
168 h 24 h

t0
168 h 24 h

Tab.: Mean Absolute Error (MAE) in ú/MWh for each hour in year 

Fig.: Timeseries of historical prices (black) and forecasted prices (coral)



Results Machine Learning 
NBeats
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Exemplary predictions
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Performance overview

t0
168 h 24 h

t0
168 h 24 h

Tab.: Mean Absolute Error (MAE) in ú/MWh for each hour in year 

Fig.: Timeseries of historical prices (black) and forecasted prices (green)

Test  2018

Validation  2019



Results 
NBeats with Additional Input Data

Data

ÁOpen power system data1 

ÁLoad (forecasted & actual)

ÁInstalled RE Capacities

ÁActual RE Generation

ÁEEX:

ÁCO2 prices
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1 https://doi.org/10.25832/time_series/2020-10-06

Run Input Data
Test
2018

Validation
2019

1 Historical Prices (P) 7.90 10.22

2 P + Dummy Hour (H) 9.36 10.00

3 P + Dummy All* (D) 8.00 9.48

4 P + CO2 8.21 16.00

5 P + Load (L) 8.27 9.39

6 P + Residual Load (RL) 4.93 8.73

7 P + Renewable Energy Generation (RE) 4.66 8.55

8 P + D + L + RL + RE + CO2 5.05 15.62

9 P + D + L + RL + RE 4.70 13.11

10 P + D + RE 7.74 9.97

Table: MAE in ú/MWh for NBeats model with different input data (best in bold) 

* Dummy Variables are Hour, Day Of Week, Holiday

https://doi.org/10.25832/time_series/2020-10-06


Results Machine Learning 
NBeats II (P + RE)
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Exemplary predictions
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Performance overview

t0
168 h 24 h

t0
168 h 24 h

Tab.: Mean Absolute Error (MAE) in ú/MWh for each hour in year 

Fig.: Timeseries of historical prices (black) and forecasted prices (green)

Test  2018

Validation  2019


