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Executive Summary

In order to achieve the goal of plan4res, which is the development of a modelling framework
that covers all relevant aspects of future energy systems, a separation in several submodels
was deemed appropriated. Deliverable 3.1 ( [8]) defines the structure of this framework
and the interconnection between these models. Figure 1 gives an overview of the model
framework and the submodels included in this framework.

Figure 1: The plan4res model framework

Deliverable 3.2 ( [9]) of the project gives a detailed mathematical and functional de-
scription of each building block of the overall framework. This document is dedicated
to the specific study of one of these building blocks: seasonal storage valuation. This
optimization problem is a multi-stage stochastic convex program which in principle can
be solved with dynamic programming or variants thereof (such as stochastic dual dynamic
programming). The scale, size and complexity of the model provide strong arguments in
favour of employing SDDP. The latter classic method of optimization has been developed
in the open source library StOpt. It is the purpose of the current document to describe
carefully this library, but also to provide insights on how to fit it into the general solver
backbone SMS++.
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