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Abstract. This paper addresses the scenario reduction for stochastic
optimization applied to short-term trading of photovoltaic (PV) power.
Stochastic optimization becomes a useful technique when leading with
problems involving uncertainty. Short-term trading of PV power in electricity
markets is an example of a problem involving a high level of uncertainty,
namely uncertain parameters as PV power and market prices. As the level of
uncertainty raises and the optimization problem becomes more complex, the
prerequisite of scenario reduction becomes crucial without losing the
representativeness of the original scenarios. Thus, in this paper is proposed an
effective scenario reduction algorithm based on backward method in order to
obtain a profitable trading of PV power in electricity markets. The scenario
reduction method is applied to a two-period scenario tree, i.e., a scenario fan
including uncertainty on day-ahead market (DAM) prices, on imbalance prices
and on PV power. Through a case study is analyzed the performance of the
scenario reduction algorithm and the comparison with the original set of
scenarios. The results show that the reduced set of scenarios still has a very high
level of accuracy.

Keywords: Scenario reduction; backward method; stochastic optimization; PV
power; electricity markets.

1 Introduction

Short-term trading of PV power in electricity markets is an example of a decision-
making problem where a high level of uncertainty exists [1]. Therefore, becomes even
more important the necessity for making optimum and consistent choices under
scenarios of this level of uncertainty. Although uncertainty can be included easily in
decision-making problems, the inclusion of the exact probability distribution usually
implies nonlinearity and additional efforts for numerical integration in the model [2].
Therefore, some approaches include a limited quantity of scenarios representing the
uncertainty distribution by discretizing the probability of those scenarios, namely
stochastic optimization [3]. In approaches as stochastic optimization the solution
obtained is reached considering all the possible scenarios. Generally, a large quantity
of scenarios is needed to emulate the uncertainty of the high number of uncertain
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parameters present in a decision-making problem, resulting in large-scale problems
that are hard to solve due to limitations of computational resources [2]. Thus,
becomes essential to determine a set of representative scenarios that best represent the
initial set of scenarios. The determination of these representative scenarios leads to an
important branch in decision-making problems under uncertainty which is scenario
reduction. The scenario reduction concept proposed by [4] and by [5] aims to define a
subset of scenarios and define optimum rearrangement of probabilities of conserved
scenarios. The idea in [4] and [5] arises from quantitative stability results in terms of a
probability metric, resulting in two scenario reduction heuristics, the forward selection
and backward reduction. Additionally, [5] outspreads the initial idea developed by [4],
and refines the iterative method, resulting in two new versions: a new version of
forward selection, the fast forward selection; and a new version of the backward
reduction, the simultaneous backward reduction. While stochastic optimization has
been widely applied in decision-making problems, the need to use representative
scenarios through scenario reduction methods has received limited attention from
researchers in the past [4-6]. Due to its importance, scenario reduction is applied in
the most diverse areas of knowledge, namely in supply chain [7] and particularly in
the scope of this research, in electricity markets [4]. In power systems, most
applications of scenario reduction methods focus on unit commitment and short-term
operation [8-10]. This paper addresses the scenario reduction in a two-stage stochastic
optimization applied to the short-term trading of PV power in a DAM, reformulated
as a mixed-integer linear programming approach. The paper has as contribution, in the
scope of short-term trading of power in electricity markets, the analysis of scenario
reduction based on backward method over a two-period scenario tree, i.e., a scenario
fan including uncertainty on DAM prices, on imbalance prices and on PV power.

The rest of this paper is organized as follows: Relationship of this paper to Innovation
for Life Improvement in Section 2. Theorical basis of Scenario Reduction are described
in Section 3. The proposed Backward Scenario Reduction Method is presented in
Section 4. The Problem Formulation of Short-term Trading of PV power in electricity
markets is presented in Section 5. The Case Studies and the results are discussed in
Section 6. Conclusion is presented in Section 7.

2 Relationship to Innovation for Life Improvement

The paradigm shift to a clean, energy-efficient and climate-resilient economy will
demand a more decentralized, open system with the participation of all sectors of
society [11]. The power system, and the electricity industry in general, is under a huge
change paradigm, changing from the dominance of large companies’ incumbents of
large-scale and centralized technological projects to a paradigm where the innovation
of the consumers is from great importance. In the upcoming years consumer must be
at the center of the energy system: demanding competitive low-carbon solutions;
participating as producer and manager of decentralized energy networks; acting as an
investor, through decentralized platforms; and driving change through user innovation
[11]. Europe Union claims that a more bottom-up, user-centered energy system is a
driver for more innovation [11]. From our point of view the innovation is the key for
the sustainable development. Apart of the innovation of the consumers, this



Scenario Reduction for Stochastic Optimization to Short-term Trading of PV Power 245

innovation is based on other innovations, namely, the digitization of the core aspects
of transportation and electricity markets and electricity industry in general. Achieving
more and more this level of modernization, the local community and the small start-
up can all participate and even lead in the development energy innovations. For
instance, the aggregation of micro-power sources, and loads of end-users, while
increasing size and dimension to take part in electricity markets as a single entity, can
produce at the same time energy efficiency and even profits as result of an optimal
management. The consideration of smart systems will probably increase the data to be
processed by machines and humans. Thus, as in the scope of this paper, the scenario
reduction, i.e., the reduction of cardinality of a set of data, is from great importance in
the transition to the new paradigm in the context of smart cities and smart grids.

3 Scenario Reduction

Stochastic optimization is one of the most used methodologies in problems involving
uncertainties, having the advantage of considering a set of possible realizations of a
parameter, the so-called scenarios. A variable changing over time is said to be a
stochastic process. Assume a probability distribution P of a n-dimensional stochastic
process & with n components as photovoltaic power, DAM prices and imbalance
prices with finite possible realizations & = {&,} = {&; ...&}, s =1,...,5. To each
realization &, is associated a probability m,, where Y3 m, = 1. Now assume another
probability distribution P’ of another n-dimensional stochastic process &, with n
components with finite possible realizations & = {§,,} = {¢; ...&5,}, s =1,...,5". To
each realization &, is associated a probability 7, where Y3 m;, = 1. Assume that &
is the possible realizations of the n-dimensional stochastic process representing the
stochasticity present in a problem formulation of a trading PV power in competitive
electricity markets. Now consider that each uncertain parameter has S, scenarios each
one. Considering that the number of uncertain parameters is 3, the number of the
scenarios of the problem is S = Sp, X Sp,4 X S;. Theoretically the number of possible
scenarios is huge. This implies large-scale problems and eventually high
computational requirements. In addition, the difficulty of the analysis of the
simulation results of large-scale problems may increase. Here appears the necessity of
reduction of the number of scenarios, i.c., reduce the cardinality of the initial set of
scenarios. Hence, due to the computational requirements, the initial n-dimensional
stochastic process ¢ is approximated by a new n-dimensional stochastic process &,
which represents a subset of the initial number of scenarios. Likewise, the initial
probability distance P is approximated by a new probability distribution P’ which
represents a subset of the initial number of scenarios. A scenario reduction algorithm
aims the reduction of the number of the initial data without losing the
representativeness of the original scenarios. In other words, a scenario reduction
algorithm aims to reduce a scenario set while keeping as intact as possible the
stochastic information included in it [12]. The aim of the scenario reduction is the to
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find a new distribution that minimizes de Kantorovich distance from the probability
distribution of the original scenario tree [4].

The scenario reduction algorithms developed in [4] and [5] determine a scenario
subset and allocate new probabilities to the conserved scenarios such that the
corresponding reduced probability P’ is the closest to the original measure P in terms
of a certain probability distance Dist between P and P'. The probability distance Dist
trades off scenario probabilities and distances of scenario values. One of the most
used probability distances in stochastic programming is the Kantorovich distance
Disty. For two-stage problems and the Kantorovich distance can be stated as follows
[12]:

Diste(P,P) = ) myminc(§ ) 1)
SES\S/
In (1) m, is the scenario probability and c(&,, &) is often referred to as cost
function based on the norm between two random vectors. c(&,, &) is stated as
follows:

C(Est fsl) = ”fs - fsl” (2)

The Disty(P,P") expressed in (1) can be used to derive several heuristics in
order to obtain a smaller quantity of scenarios without losing the representativeness of
the initial set of scenarios. Next to the reduction is applied the so-called optimal
redistribution rule, where the probability of a conserved scenario is equal to the sum
of its previous probability and the probability of all removed scenarios that were close
to it before the reduction with respect to the cost function c(¢, &,). In this paper the
scenario reduction method used is the backward reduction method.

4 Backward Scenario Reduction Method

The backward scenario reduction method is based on the recursive elimination of
scenarios of the initial set of scenarios until the minimum value of Disty is reached.
An extensive description the backward scenario reduction method is available in [4].
The backward scenario reduction method works as follows:

Step 1: Compute the distances of each scenario pairs (s, ;)

csj =c(&.¢5) s =1,...,8S. 3)
st =g. (4)
Step i: Compute
cl, = minc,;,s €S Ri=1 and select s’ that min c,; with respect to a s %)
J¥+Ss

Zgs = Z T Chsr - (6)

sresRi-1
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select s; € arg . Er?gp_ . zk,,. (7)
Add the deleted scenarios to the set SP* = SP=1 U {s;}. (®)
Remove the deleted scenarios from the set S® = SRi=1\s;. )

Final step: update the scenario probabilities

Ty, = Ty, + Ty, (10)
The backward scenario reduction method defines a subset of scenarios that is the
closest to the initial set of scenarios using the Kantorovich distance and calculate the
new probabilities of the conserved scenarios. The Kantorovich distance weigh the
scenario probabilities and the distances between scenario values. Discarded scenarios
have probability zero. The method stops the process when the number of reduced
scenarios defined by the user is reached or when a predefined distance is reached.

5 Problem Formulation — Short-term Trading of PV Power

This section summarizes the mathematical formulation of short-term trading of PV
Power in electricity markets. Despite this formulation is applied to short-term trading
of PV power, can be applied as well for other variable-renewables, namely wind
power. Complete formulation can be found in [13]. The stochastic linear
programming to support the bidding strategies of a PV power producer is stated as
follows:

St T
max Profit = D" ", (ARMPLY + 28l pritydi, — 288 pri dis) an
sr=1t=1
Subject to:
0 < PPV < pmax (12)
d., = PLY — PPV, (13)
dtsl = dg‘sr - dt_s/ (14)
0<df, <PLV. (15)
0 <dg, < pmax, (16)

In (11) the three terms are: the revenue associated with the bid in DAM at scenario s
and period #; the income associated with the excess of energy in the imbalance market
at scenario s and period #; and the cost associated with the deficit of energy in the
balancing market at scenario s and period ¢. In (12) the upper bound off the bid is set
to be the rated power of the PV power plant. In (13) the energy deviation is defined as
the difference between the PV power at scenario s and the bid in DAM. In (14) the
energy deviation is divided in two nonnegative deviations. In (15) and (16) the upper
bounds associated with the positive and the negative deviations are set.
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6 Case Studies

Inputs: The effectiveness of the application of the scenario reduction based on the
backward scenario reduction is evaluated using a PV system of rated power of 100
MW located in Iberian Peninsula. The day-ahead energy prices APM and the price
ratios prit, e pri, are obtained from [14]. PV power scenarios are obtained from [15].
The simulation is carried out using GAMS/SCENRED performing the fast backward
reduction method. The initial set of scenarios are 10 for PV power, 10 for DAM prices
and 10 for positive and negative price ratios, a total of 1000 initial scenarios,
correspondent to the all possible combinations between the 3 set of uncertain
parameters. The DAM price scenarios and the price ratios scenarios are shown in
Fig. 1.
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Fig 1. Left, DAM scenarios (blue) and average — (black). Rigth, price ratios: positive (blue),
negative (black).

The PV power scenarios are shown in Fig. 2.

Fig 2. PV power scenarios (blue) and average scenario (black).

Case Studies and Results: The case studies are based on the analysis of stability of the
application of the fast backward scenario reduction method applied to the short-term

trading of PV power, namely the effect that the definition of a certain number of
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scenarios by the decision-maker can make on the optimal values of the decision

variables of the problem formulated in section 5.

#Casel — The effect of the number of reduced scenarios on the expected profit: This
case study makes the comparison between the effect of the definition of S different
number of reduced scenarios by the decision-maker on the expected profit and the
expected profit without scenario reduction (initial set of scenarios equal to 1000). The

expected profit as function of the number of scenarios is shown in in Fig. 3.

Profit (k€)

S=100 w/reduction

38.6

0 200 400 600 800 1000
Number of scenarios (S)

Fig 3. Expected profit as function of the quantity of reduced scenarios.

In Fig. 3 it is possible to conclude that for the value of the quantity of reduced
scenarios equal to s = 10, the profit reaches a high value. However, this result may not
be optimal as the increase in the quantity of reduced scenarios stabilizes the expected
profit value. Reducing the number of scenarios by half the value, i.e. s = 500, reduces
profit by only 0.06%, a value considered insignificant. Further, reducing the number
of scenarios even further s = 300 still ensures a good approximation of the actual
value, i.e. without scenario reduction. Therefore, reducing scenarios for a reasonable
set for this application does not guarantee a significant change in the expected profit
value.

#Case2 — The effect of the number of reduced scenarios on the bid and on the positive
and negative deviations: This case study makes the comparison between the effect of
the definition of S different number of reduced scenarios by the decision-maker on the
bid and on the positive and negative energy deviations and respective values without
scenario reduction, i.e., considering the initial set of scenarios equal to 1000. The bid
in the DAM and the energy deviations as function of the quantity of reduced scenarios

are shown in in Fig. 4.
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Fig 4. Left, bid in the DAM as function of the quantity of reduced scenarios. Right, positive and
negative energy deviations as function of the number of scenarios.

In Fig. 4 left it can be concluded that for a reduced number of scenarios s = 10, the
total daily supply in the daily market is high. However, this value may not be ideal,
since by increasing the supply value to higher values closer to s = 400 the market
supply begins to stabilize by settling on a range of values [706,715]. This range of
values is considered a small value considering the volume of energy that is traded. In
Fig. 4 right it can be concluded that as more scenarios are considered during the
optimization problem, the negative energy deviations decrease, and the positive
energy deviations increases as an expected profit of the short-term trading of PV
power is calculated that hedges the system against more the non-profitable scenarios.
Therefore, as the bid decreases the expected profit decreases considerably. Contrary,
when the bid decreases the absolute value of the energy deviations increases. The
main advantage of fast backward method over fast forward method and other
backward methods is the computational performance for huge scenario trees. Thus,
this paper takes advantage of the best expected performance with respect with running
time of the fast backward method.

7 Conclusion

The application of a scenario reduction method for stochastic optimization applied to
the short-term trading of PV power is proposed in this paper. The transaction of
energy from renewable sources in the electricity market requires a convenient
consideration of uncertainty, which tends to be increased. Thus, in this paper it is
proposed the scenario reduction based on a backward reduction method. The case
studies show that the consideration of an incorrect number of reduced scenarios can
lead to undesirable results and losses in the producer's expected profit. Thus,
whenever possible, such an analysis is advisable in formulating the decision-making
problem in problems that include a considerable number of uncertainties in order to
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obtain a firm basis of the correct number of scenarios to consider. The case study
analyzing the effect of considering a certain quantity of scenarios on the expected
profit of the producer demonstrates that reducing the number of scenarios by 90%
leads to a profit that does not consider the worst scenarios, so the energy transaction
in market can be done erronecously. The case study that analyzes the effect of
considering a certain number of scenarios on the amount of energy traded and the
energy deviations shows that reducing the number of scenarios by up to 60% leads to
high values of negative imbalances as a result of high energy offers in the market.
Therefore, considering the results of deviations to lower scenario reduction values,
this practice is not recommended.
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