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|ﬂtrOdUCtiOﬂ Renewable energy in power systems
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How much energy should the producer
offer in the market to maximize profits?
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MOde|S Novel approaches to improve SAA
SAA method: £ T
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Novel approaches to improve SAA with : NVs44 = minE(Cost)

a) Linear decision rule:

1 UP (D + DW D +
NVgig wy = ming ) $OP(EP () — E)* + 9P (B — P ()
o) Machine Learning + Optimization techniques:

NVyiropr = mmNZW [ (EP — E)* + P (E — EP)*]

a) G. Ban and C. Rudin, “The Big Data Newsvendor: Practical Insights from
Machine Learning”, 2015. Forthcoming in Operations Research.

b) D. Bertsimas and N. Kallus, “From Predictive to Prescriptive Analytics”,
2014.



Case Stu dy Introduction

Bidding zone thought as
aggregation of (on-
shore) wind farms
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Case Study Spatial correlation

Correlation with OnshoreWindPower
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Case Study | Data

* Case 0 is not feed into the algorithms
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" Categorical features
* Month of the year
e Day of the month

. wind p.p. on-shore day-ahead
B wind p.p. off-shore day-ahead

forecasts
AN

p-p. day-ahead * Day of the week
B Generation forecast * Hour of the day
L " Total Load forecast
I Categorical features
Monday 1 0 0 0 0O 0 O

p.p. : power production Tuesday 0 1 0 0 0 0 0 .



Results Main results

Case 0 offering a good prediction

Average cost of benchmark methods (no features):

1738.80 CaseO: 54291 (¢/h)

Average improvement with respect to Case O:

a) Big_NV -1.22% -1.16% 3.37% 4.58%
b) ML+OPT  -0.16% 1.35% 2.81% 4.78%

, Spatial features
Spatial features helps! P
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