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SUMMARY

This paper proposes a methodology to include the ability of offering secondary control in a seasonal
medium-term self-scheduling of a price-taker hydro power producer with pumped storage. The
methodology is based on a two-stage stochastic program. The first stage models the offering of
secondary control and the second stage acts as recourse action by hourly generating power or use it for
pumping. Each of the second stage problems is modelled as a linear mixed-integer problem. Pool
prices and accepted demand charges for secondary control are considered stochastically. The overall
problem is solved by a stochastic dynamic programming scheme. Output of the algorithm is an
estimation of water values for use in a short-term optimization, as well as proposals for the optimal
offering of secondary control.
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1. Introduction

In a deregulated electricity market environment a hydro power producer often can not only sell
electricity but is also able to offer ancillary services, which are required for frequency and voltage
control in the system. In the view of a hydro self-scheduling problem, frequency control and out of
that secondary control (automatic, “one-minute” control) is most interestingly. This service is usually
procured market based and represents a valuable income for power producers [1].

Because of its complexity, the scheduling of a hydro power plant is usually done in different steps. For
example, first a medium-term planning is done, with a simplified power plant model, for determining
the monthly/yearly production strategy. Afterwards a short-term planning with a detailed model leads
to an optimized production schedule over the next days. One way to incorporate the results from the
medium-term planning into the short-term one is by using water values. Water values express the
opportunity costs for the stored water. They depend not only on the current amount of stored water but
also on the future profits and water inflows. In a medium-term perspective, profits and water inflows
are uncertain and not fully known in advance. A stochastic programming problem arises if one wants
to find these water values. The solution framework for such problems is well known and was applied
numerous times, however the modeling part is becoming the most demanding part [2]. This is also the
case with the topic of this paper.

This work focuses on considering the ability to offer secondary control in a medium-term hydro self-
scheduling optimization for a single hydro storage plant. With such an optimization firstly meaningful
water values shall be estimated for a maximum time horizon of one year. Such realistic water values
should then be used in a short-term optimization in the daily business of operating the plant. Secondly
also some insights shall be achieved in the optimal provision of secondary control.
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Fig. 1: Water inflows for a storage power plant in the Swiss Alps for some years to illustrate the strong seasonality.

The optimization is done for a typical Swiss storage power plant with a large hydro head and high
power / storage ratio. The water levels in the basins have negligible influence on the production and it
can be assumed that the power plant is operated as peak power plant. Therefore startup costs, water
flow and dynamics, as well as non-linear, non-convex efficiency factors, can be neglected without loss
of accuracy. The considered power plant is structured in such a way that it can be aggregated into an
upper and lower basin with the ability to produce electricity as well as to pump water from the lower
basin to the upper. The water inflows originate mostly from glacierized catchment in the Swiss Alps.
Therefore a strong seasonality in inflows is present, and it is common to have a fully depleted upper
basin in late-winter (see also Fig. 1).

Because of the strong seasonality and capability to deplete the upper basin fast, the water has high
opportunity costs. Therefore the decision of how much power to offer as secondary control influences



the estimation of the water values particularly. Proposed is a two-stage” stochastic program to model
the problem. In the first stage the algorithm has to decide on the amount of secondary control to offer
for the next time period (a week) and a fixed price. At that moment, the algorithm knows nothing
about the actual occurring electricity market prices. In the second stage the algorithm optimally
produce electricity and pump, using the then known prices. This recourse action is modeled as a linear
program, consisting of hourly stages for one week with different price scenarios. The overall
optimization is solved by a stochastic dynamic programming (SDP) approach. The time horizon is at
most one year with weekly time steps, starting at the beginning of snow and ice smelt in May. The
basins are empty at the beginning. In real operation the algorithm would be applied with a receding
horizon.

In the case study the methodology is applied to a typical Swiss hydro plant. It will be shown, how such
an optimization could act as a decision support for production particularly regarding offering of
secondary control. In a forward simulation the methodology is tested on a realistic scenario.

For an overview of stochastic programming in the energy sector [2] can be recommended. For SDP in
hydro power planning see e.g. [3], for a review [4]. A survey about ancillary services in various parts
of the world (but not Switzerland) can be found here [1].

Ancillary services were mostly considered in bidding problems. In [5] a decision support tool for
market players is presented, by a deterministic multi-agent based simulator taking into account
ancillary services. In [6] and [7] deterministic mixed-integer (non)-linear programs are presented to
solve the bidding problem for a hydro power producer also with considering ancillary services. [8—10]
use stochastic mixed-integer programming to account for uncertainties in electricity market and
ancillary services market for a more short-term risk constrained scheduling optimization. In [11] the
bidding and scheduling problem is optimized for an 11-unit system by a stochastic mixed-integer
optimization, solved by an algorithm based on Lagrangian relaxation and SDP.

This paper is organized as follows: Section 2 explains the model and its characteristics, mathematical
representation and some computational remarks are given. Section 3 reveal the case study and finally
section 4 concludes the paper.

2. The Model

Table I: Explanation of the variables

Variable | Explanation

t Stage

X Discrete basin filling (state variable) [MWh]

thx Profit-to-go [€]

bidt,x Discretized size of secondary control capacity block [MW]
Cbidt Estimated demand charge for secondary control bid [€/MW/h]

binbid, Binary Variable: 0 if secondary control is offered, 1 otherwise
X

T Hourly stages within second stage

CpOOlm Estimated pool price [€/MWh]

In this paper the term stage is used for denoting both optimization level and time point. There will be no explicit distinction made.
However the meaning should be clear in the context.



hpd Hourly decision of electricity production [MWh]

T,t,x
hud . Hourly usage of electricity (for pumping) decision [MWh]
eﬁt Efficiency of turbine
effp Efficiency of pump
F Valuing function for second stage

t,x

techmin Minimum production amount [MW]

sd™ Weekly spill decision for upper basin [MWh]
tx

) dlow Hourly spill decision for lower basin [MWh]

SA,x
turb . Discretized amount of available water to discharge [MWh]

T,l,x

inﬂ, Deterministic water inflows [MWh]
dur Time duration of one stage ¢ (one week) in hours [h]
DisDs Penalty factors for spill in objective function [€/MWh]

In Switzerland and many other countries with deregulated electricity markets, a generation company is
allowed to provide secondary control after a positive prequalification. After that bids for secondary
control can be submitted to the Swiss TSO swissgrid, where the bids are accepted or not depending on
a cost minimization algorithm. The bids have to be specified by both capacity block and demand
charge. The capacity block has to be symmetric and at minimum £5 MW with increments of at least 1
MW. This capacity has to be provided for the duration of the entire tender period (at the moment one
week). Delivered energy is remunerated based on the pool prices for electricity.

It is assumed, that all bids will get accepted so the power plant is a price-taker. It is also assumed, that
requested energy from the TSO out of secondary control is symmetric. Further the remuneration of
this energy is also neglected.

min § MW
pos. sec. control:

unconstrained powcer range:

min § MW
neg. sec. control:

26 MW
tech. minimum:

46 MW
pumping:

Fig. 2: Segmented power range of a pumped hydro power plant.

Fig. 2 shows the segmented power range of a Swiss storage hydro power plant. Since also the negativ
part of the offered secondary control has to be delivered at any time, the turbines have to continously
running at that amount of power. To prevent, that the turbines are operated unefficiently, a technical
minimum is introduced. Further, for the power plant in the case study, pumping is not meaningful if
secondary control is offered because of technical reasons. So the offering of secondary control reduces
the production flexibility considerably.
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Fig. 3: Two-stage stochastic program with weekly decisions about secondary control and hourly recourse actions.

As already mentioned in the introduction, a two-stage stochastic program is proposed (see also Fig. 3).
In the first stage the so called here-and-now decision has to be taken, where the algorithm has to
decide on the amount of secondary control to offer without knowing the actual pool prices. The second
stage is also known as recourse action, where the algorithm can react on the then known pool prices
by adjusting its production, which is often expressed as wait-and-see decisions. The second stage is
modeled as a linear program. Uncertainty to the accepted demand charge for secondary control bid as
well as to the pool prices is introduced via scenarios.

)
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Fig. 4: Discretization of the state and decision variables, the basin filling and the water used for generation. The problem reduces to a shortest

path problem, which can be solved recursively.
Because the cumulated profit of a power plant is strictly increasing in time, a decomposition is
meaningful. By also discretizing the state and decision space (see Fig. 4) the well known SDP scheme
is attained (introduced in [12] and [13], first applied to hydro power planning problems in [14]). So for
all possible basin levels, the most profitable case is recursively searched for, which is similar to a
shortest path problem.

The model is applied to a storage hydro power plant which can be aggregated into two basins. The
upper basin act as monthly and seasonal storage whereas the lower one provides daily and hourly
water to pump. So the water balance of the upper basins is done weekly for stages ¢, whereas for the
lower one it is done hourly for stages 7 .

2.1. Mathematical model

Let 6, be the future expected profit for a state x at time? , also denoted profit-to-go. Then this profit-
to-go can be recursively calculated:

0, = max{ E [bidu -cbid, - dur + El I:F,x +6,,, ]]} M

cbid, cpool,

with /?d , E / being the expected value over all secondary control demand charges and pool price
cbid, cpool,

scenarios respectively. F,  itselfis a deterministic maximization problem depending on time, state and

pool price scenario.



For each price scenario F;  can be stated as:

F. .= max{(hpd

T,1,x

~hud,,.)-cpool,,, ~ sd% p, ~ hsd", p, } .1
subject to the following equality constraints:

z (hpdT,z,x lefft —hud._, . -effp + sd;‘f;) =

T

turb, . +infl, — binbid, , -(bidu + techmin) ~dur | efft (2.2)
basin;)' —basin}",, —hpd,, |efft+hud,,  -effp+hsdy: =
binbid, - (bid, , + techmin) / efft V1T (2.3)

and bounds to the variable spaces:

0,techmin< hpd_, . < hpd,,. —binbid, .- (2-bid, , + techmin) VTt (2.4
O<hud,, <hud,, —binbid, -(hud,,,) V1 (2.5)
0<5d" <oo (2.6)
0 < basin; < basin.. VTt (2.7)
0<hsdy’ <oo V1 (2.8)

The positive factors p,, p, in equation 2.1 make sure, that, together with equation 2.3 and the variable
bounds, the correct water balance in the lower basin is achieved. These factors can also be chosen as
penalty for spill. Otherwise equation 1 has to be slightly modified to account for the correct profit
obtained within the second stage.

The discretized amount of available water to discharge furb, , depends on the basin level and time

stage in order to be meaningful. The algorithm tries to deploy this available water most profitable
among the hourly stages 7 within the second stage by producing or using power for pumping.
Pumping is only allowed if no secondary control is offered.

Problem (2.1) is a mixed-integer linear problem for 7 stages and bid, , as integer, binbid, , as binary
and hpd_, hud._, . hsd’

oohsd?] sd” as continuous variables. This problem can be efficiently solved
since the amount of stages 7 is limited.

T,0,x°

F, . is calculated for every pool price scenario, which together with its probability, yield to the profit-

to-go. Similarly this is repeated for all basin levels and demand charges for secondary control, in order
to calculate the expected profit over all demand charges (equation 1). The whole procedure is
recursively done for all time stages until the first stage is reached.

Out of the profit-to-go function for the first stage 6, ., the water values can be constructed through its

derivative.

2.2. Computational remarks

All optimizations were done in Matlab R2011b with the standard optimization toolbox. The stochastic
dynamic program problem can be formulated embarrassingly parallel, so that the optimizations took
no longer than 20 minutes with a standard computer, with a quad-core 2.3 GHz Intel Core i7 processor
and 8 GB of RAM.



However, if the special structure of the dynamic program is not exploited in the algorithm, it can
easily take hours to solve. Effective actions for optimizing the algorithm are for instances to make
sure, that the number of steps for the basin discretization is a multiple of the available computing units
and that the work can be equally distributed across these units.

3. Case Study

The model is applied to a Swiss hydro storage power plant. Installed production capacity is 240 MW
with 200 GWh of storage in the upper basin. There is at maximum 40 MW of secondary control
possible because of the internal structure of the power plant. The technical production minimum is 26
MW (see also Fig. 2). The optimization starts at the beginning of snow melt in late-winter and ends
one year after. Hydro inflows are deterministically estimated out of 6 years of historic data. Pool

(hourly) and secondary control prices (the same for all stages, see also Fig. 5) are also estimated out of
historic data.

probability

0 22 24 2 28 8 s 34 % 8 40
demand charge for secondary control €/ MW/h

Fig. 5: Modeled demand charges for secondary control together with estimated probability.

Until the beginning of a week is reached, the stages are daily without the possibility to offer secondary
control. After that, weekly time stages occur, with first two pool price scenarios and, in the second half
of the year, with three scenarios. For all stages there are five different possible accepted demand

charges for secondary control (Fig. 5). There are 12 discretization steps for the basin and 8 for the
offer of secondary control.
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Fig. 6: Profit-to-go for all basin levels and stages and its derivative for the first stage, the water value for all basin levels.

Fig. 6 on the left shows the profit-to-go function for all basin levels and time stages. One recognizes
the concavity of the profit-to-go within each stage as well as the strictly increasing profit with more
stages. Also mentionable are the winter months (around stage 40), where because of essentially zero
water inflows the profit-to-go does not change much. Fig. 6 on the right shows the derivation of the
profit-to-go function for the first stage 6, ,, the water values for all basin levels. This is one of the

main outputs of the simulation. If the basin is full, the water is roughly half of the value than if the
basin is empty. Traders can use these values directly as decision support in their daily business.



Fig. 7 on the left shows the optimal offered capacity blocks of secondary control, which is the second
main output of the optimization. The fuller the basin or the higher the expected pool prices, the more
generation and by that also offering of secondary control may be more probable. However, with the
provision of secondary control, the production flexibility is reduced because no pumping and less
maximum generation are possible. So it may get also unprofitable with fuller basins, as clearly visible
in the first stage, because the maximal generation capability is not available.

Generation [MW]

Offered secondary Control [MW]
40 o I Pumping (MwW]

' - — Pool price [Euro/MWh]
35 a 8
S 200
30 il
25 |
150
15
10 I B
5 . 1
2 1001
0
0

. Mﬁ%ﬁﬂﬁp

7650 7700 7750 7800 7850 7900 7950 8000

e 11 basinlevel time [h]

capacity blocks [MW]
8

stage

50

Fig. 7: Optimal offered capacity blocks of secondary control for all stages and basin levels and detailed look in the simulation.

On the right hand side of Fig. 7 a detailed look in the optimization is revealed, to illustrate what the
algorithm is actually doing. For a fixed basin state two weeks are shown. One possible scenario of the
pool price is depicted. The algorithm tries to deploy the available water most profitable within a week
(where the prices are known in advance), which means generation at high prices and pumping in the
lower ones. In the second week shown here, the pool prices are on average a bid higher, that’s why
offering of secondary control may have got beneficial.

profit-to-go difference (%)
profit-to-go difference (%)

basin level

60 12 60 12

Fig. 8: Profit-to-go differences in simulations: Left: Optimal solution vs. solution without possibility to offer secondary control.
Right: Solution without secondary control vs. solution with always offering maximal secondary control bid.

Fig. 8 shows on the left a comparison for optimizations regarding the possibility to offer secondary
control and without it. The difference is quite small (1-2% more profit if secondary control is
considered) and therefore not really expressive. One could argue that the offering of secondary control
doesn’t influence the profit at all. However, on the right of Fig. 8 is a comparison of an optimization
without secondary control and an optimization where secondary control is offered every week. Here
the profit, where secondary control is always offered, is around 15-25% lower. So these results would

suggest for this case study, that if one wants to take the opportunity to also offer secondary control,
one has to do that wisely.

In order to clarify further the benefit of considering secondary control in the optimization a simulation
was done on how such an optimization could be applied in reality. The simulation starts with empty
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basins in late spring and then decides hourly of its generation by comparing the water value (together
with turbine and pump efficiencies) with the pool price. It is important to note, that the simulation
decides hourly without any idea of future prices. The basins are then hourly updated. The water value
is interpolated out of the updated upper basin filling and the weekly water values of the medium-term
optimization. For the sake of simplicity, the medium-term optimization is done only once. So it is
assumed, that no additional information get available. Pool prices are taken from a historic year, which
is not considered in the optimization.
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Fig. 9: Forward simulation where the proposed optimization provides optimal secondary control bids and water values.

Fig. 9 shows the result of this forward simulation. As expected, the upper basin stores the water
inflows in order to be able to generate power in the autumn and winter period. However, because the
prices are relatively high in the summer (and the water value low), there is a lot of generation earlier,
so that the upper basin is not fully filled. The lower basin is not shown here, because it fluctuates too
much and only influences the pumping capability. Secondary control is offered nowhere. The reason
for that could be the relatively low basin filling (see also Fig. 7 with the optimal secondary control
bids). The profit out of this forward simulation results to 22.7 millions of Euro. The same forward
simulation, but taking as guidelines the results from a medium-term optimization without considering
secondary control, leads to a profit of 22.5 millions of Euro. This small difference in profits is also
expected since secondary control is not beneficial for this case. A comparison with Fig. 7 shows the
completely different behavior of optimal generation because of different pool prices. This can be seen
as one motivation to use stochastic programming.

4. Conclusion

In this paper a methodology is proposed, to include the ability to offer secondary control in a seasonal
medium-term self-scheduling of a price-taker hydro power producer with pumped storage. The
resulting linear mixed-integer problem is solved by a stochastic dynamic programming scheme. The
second stage is modelled itself as a mixed-integer linear program, which makes it easily possible to
account for different constraints.

The methodology was applied to a Swiss hydro power plant and also tested in a forward simulation.
The results suggest, that offering of secondary control could be beneficial. However, at the current
accepted demand charges, one has to carefully decide at which point to do it. The proposed algorithm
could help with this decision.

It should be also noted, that the results heavily depend on the estimation of the pool prices. Whereas
the stochastic modelling helps to make the optimization robust, additional risk constraints would be
meaningful and is point of current work.
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