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Demand forecasting - Key Findings

The evaluation logic

● MAE / RMSE: baseline accuracy (average vs large 
deviations)

● Pinball loss (q = 0.95): penalizes under-forecasting 
(blackout risk)

● Tail metrics (P95 / max error): severity of extreme failures

Ranking logic
● Models are ranked by tail-risk metrics (Pinball loss q=0.95, 

95th percentile absolute error), not by MAE alone.
   →   Models are compared by their contribution to risk 
management, not point accuracy alone.

13

Conclusions

● In the short run, simpler econometric models outperform complex ML 
approaches

● SARIMAX remains robust not only on average, but also in the upper 
tail

● Hybrid correction improves accuracy only marginally
● LSTM and TFT perform significantly worse under capacity stress

Takeaways
● Forecast quality depends more on data structure and tail behavior
● This result directly informs how demand should be 

modeled in the supply optimization stage



Supply model

Objective function: Minimize total system cost, composed of: 

● Generation costs: Fuel + Variable O&M for each technology
● Carbon costs : Emissions and exogenous carbon price
● Load-shedding penalties
● Take-or-pay shortfall penalties

Model constraints

- Demand balance

- Capacity limits & Renewable availability

- Take or pay contract constraint 
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Costs → [Objective Function] ← Constraints
                   ↓
          Optimal Dispatch

shed_cost = 5000    # VOLL/MWh #Nova 
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Qmin_MW = 1_500     # MW minimum delivery 

obligation

ToP_penalty = 9530  # R/MWh shortfall 

penalty 


