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A Class-Driven Approach Based on Long Short-Term
Memory Networks for Electricity Price Scenario

Generation and Reduction
Bart Stappers, Nikolaos G. Paterakis , Member, IEEE, Koen Kok, Senior Member, IEEE,

and Madeleine Gibescu, Member, IEEE

Abstract—Uncertainty characterization is an essential compo-
nent of decision-making problems in electricity markets. In this
work, a class-driven approach is proposed to describe stochasticity.
The methodology consists of a three-step process that includes a
class allocation component, a generative element based on a long
short-term memory neural network and an automated reduction
method with a variance-based continuation criterion. The system
is employed and evaluated on Dutch imbalance market prices. Test
results are presented, expressing the proficiency of the approach,
both in generating realistic scenario sets that reflect the erratic dy-
namics in the data and adequately reducing generated sets without
the need to explicitly and manually predetermine the cardinality
of the reduced set.

Index Terms—Deep learning, imbalance prices, long short-term
memory (LSTM), machine learning, recurrent neural network
(RNN), scenario generation, scenario reduction.

I. INTRODUCTION

UNCERTAINTY constitutes an intricate and pervasive phe-
nomenon in electricity markets. By no means would it

be an overstatement to submit that both operators and market
participants alike, ranging from utilities to retailers, are affected
to lesser or greater extent by its presence. The existing capri-
ciousness is exacerbated even further by the progressively in-
creasing concentration of renewable energy sources, particularly
wind and photovoltaic (PV) generation, in contemporary power
systems [1]–[3]. To cope with the undesirable consequences
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of uncertainty, participants may rely on deterministic opera-
tional planning procedures based on point forecasts. However,
such prediction methods, merely representing a single sum-
mary statistic, are often highly inaccurate and contribute limited
support for informed decision-making under uncertainty [4].
Therefore, rather than solely relying on the estimated mean of
some stochastic process of interest to dictate market engage-
ment, stochastic programming techniques have been adopted
to explicitly model uncertainty and guide decision-makers in
establishing optimal courses of action [5]–[8].

Such methods require elaborate contextual information on the
stochastic processes to which the operator or market participant
is exposed, i.e., stochastic optimization models need the latent
uncertainty to be quantified. Commonly, the uncertainty under-
lying a stochastic process is characterized using a set of scenar-
ios, comprising plausible realizations of the process throughout
the decision-making horizon [9]. Generating a scenario set that
appropriately captures the erraticity of a stochastic process poses
a challenging problem.

A. Related Work

A variety of approaches have been proposed in the litera-
ture. In [10] sample paths generated based on parametric or
non-parametric models were used to create scenario trees of
predefined structure by means of cluster analysis or importance
sampling. A comparable simulation-based methodology was
presented in [11]. However, this approach differs from [10] in
the sense that it provides a detailed algorithm for randomized
clustering of simulations.

An optimization-based technique was proposed in [12], where
a continuous-state stochastic process is approximated by a dis-
crete scenario set that is optimal in terms of the approximation
error. An optimal discretization is found by minimizing the
approximation error, which, in casu, is defined as the Wasserstein
distance between the optimized objective function values of the
underlying and approximate problems.

Another research strand has explored the potential of ex-
ploiting statistical moments for the generation of representative
scenarios. In [13], a moment-matching technique was proposed
where the core idea is to find a limited set of generated scenarios
that satisfies some pre-specified statistical properties. Extending
the work in [13], a particularly efficient algorithm yielding a
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discrete joint distribution consistent with pre-defined moments
and correlations was presented in [14].

Hybrid approaches have also gained attention. Relying on
moment-matching methods, [15] first used simulation tech-
niques to generate nodes of the scenario tree. Subsequently,
these outcomes serve as input parameters for an optimiza-
tion model, the objective of which is to determine the prob-
abilities of the constituent scenarios such that they match
some specific targets. A similar implementation was proposed
in [11].

More recently, scenario generation approaches based on ma-
chine learning algorithms have become more prevalent in the
literature. Using numerical weather predictions as input and a
particle swarm optimization (PSO) algorithm for tuning pur-
poses, [16] implemented radial basis function neural networks
(RBFNNs) to generate wind power scenarios. A scenario gener-
ation method based on a feed-forward neural network (FFNN)
was proposed in [17], where the authors employed a genetic
algorithm rather than one of the more conventional gradient-
based algorithms that are typically used for training purposes.
A related neural network architecture was used in [4]. The
authors proposed an iterative process based on an assimilation of
FFNN outputs with randomly generated Gaussian white noise
to create stochastic scenarios. The applicability of generative
adversarial networks (GANs), a fairly novel branch in deep
learning, in generating wind and photovoltaic power scenarios
was investigated in [18]. A generative and a discriminative deep
neural network are linked as adversaries in a minimax game. The
former is tasked with generating fake samples of some process
while the latter aims at discriminating between fake samples
and real historical observations. Theoretically, GANs should
produce scenarios that are indistinguishable from true historical
observations after attaining the Nash equilibrium.

Several studies pay particular attention to scenario gener-
ation for electricity prices. In [19], the authors proposed an
ARIMA-based model for generating regulation power price
scenario trees and applied it in a case study related to the Nordic
power market. In the context of optimal participation of electric
vehicles in the electricity markets, Jensen et al. [20] also studied
scenario generation for regulating power prices. They consid-
ered three methods to characterize the underlying uncertainty:
time-series analysis of historical data, property matching, and
copula matching. A two-stage approach combining an ARMA
model and moment-matching for the generation of day-ahead
price scenarios for the Midwest ISO (US) was presented in [21].

To the best of the authors’ knowledge, no studies have been
conducted on imbalance price scenario generation for power
systems where price formation in the day-ahead market and the
imbalance market are not directly linked, such as the Dutch and
Belgian markets.

Accurately representing the uncertainty of a stochastic pro-
cess with a discrete scenario set usually involves the generation
of a very large number of potential realizations. Since com-
putational burden increases with the number of scenarios in
consideration, associated optimization problems rapidly become
intractable as the cardinality of scenario sets increases. As a
result, reduction techniques are needed to curtail the number of

scenarios considered, while minimizing the inevitable dilution
of stochastic information contained in the original set.

Similar to the scenario generation case, several research do-
mains can be distinguished in the literature related to scenario
reduction. One strand attempts to reduce a set of scenarios such
that certain statistical moments of the reduced set match those
of the initial set [13], [14]. This approach has the benefit that
it preserves desirable properties of the original set. However,
as was shown in [22], moment-matching methods may lead to
peculiar results.

Dupačová et al. [23] presented a methodology for tackling
the optimal scenario reduction problem by minimizing the Kan-
torovich distance between the initial scenario set and the reduced
scenario set. The Kantorovich distance is the optimal value of
a linear problem known as the Monge-Kantorovich mass trans-
portation problem. The authors showed that, under mild assump-
tions [9], the solution to this problem can be computed explicitly.
Using this result, two heuristic algorithms to determine the opti-
mal reduced set of predefined cardinality were derived. The first,
a backward reduction method, iteratively removes scenarios
from the original set until it reaches the specified cardinality
and the remaining scenarios comprise the final approximation.
Conversely, the forward selection algorithm recursively adds
scenarios from the initial set to the reduced set until the latter
totals a desired number of constituent members. Heitsch and
Römisch [24] developed the fast forward selection (FFS) and
simultaneous backward reduction (SBR) algorithms to improve
the respective algorithms in [23]. In particular, FFS proved
to have higher computational performance, both in terms of
accuracy and running time, than its predecessor. SBR results in
higher accuracy compared to vanilla backward reduction, albeit
at the expense of running time. In [9], the authors presented an al-
ternative reduction procedure for two-stage stochastic problems
that is based on forward selection. The proposed methodology
yielded the same level of stochastic information as alterna-
tive methods while significantly reducing the required number
of scenarios. However, this increase in efficiency comes with
comparatively higher computational burden. Broadly speaking,
scenario reduction techniques that rely on the notion of forward
selection appear to imply the lowest computational effort [25].

A potential drawback of the described reduction techniques
is the fact that the cardinality of the reduced scenario set is a
parameter to be pre-specified by the user. Currently, the only
study that addresses this issue is [26], in which a reduction algo-
rithm based on sub-modular function optimization is proposed to
endogenously determine the number of scenarios in the reduced
set.

B. Motivation and Contributions

Given the context described above, this paper is motivated by
several research gaps. First, it is to be noted that a large number
of stochastic processes in electricity markets is considered con-
tinuous in nature, e.g., demand, price formation and wind power
generation. As a result, the literature regarding scenario gen-
eration deals with finding appropriate discrete approximation
sets for such continuous-state stochastic processes. However,
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in many decision-making situations related to power markets,
interest is not so much in exact underlying realizations of the
constituent random variable as it is in value ranges it might be
in. Under such circumstances, where one cares about the class
or bin to which realizations of the random variable belong rather
than the exact values they might take on, a different approach is
warranted. Naturally, this opens the door to classification-based
techniques for scenario generation. Remarkably, no studies have
been performed adopting this perspective.

Second, and equally interesting, is the emergence of ma-
chine learning-inspired techniques in the scenario generation
literature. Their recent influx signifies researchers’ recognition
of the virtues of data-driven methods that have greater ability
for handling non-linear dependencies, without the need for
explicit modeling and stringent assumptions that may or may
not hold true. A considerable portion of studies in this area
employ feed-forward neural networks, which appear to perform
satisfactorily. Little or no attention, however, has been paid to
neural networks that incorporate recurrent feedback elements.
Such iterative elements essentially serve as artificial memory to
the network, which increases its ability to capture (long-term)
temporal dependencies. Therefore, this particular area of ma-
chine learning seems promising for scenario generation related
to the stochastic processes that are typically studied in electricity
markets research.

A third impetus that motivated this work is related to scenario
reduction. As briefly discussed in Section I-A, the majority
of existing techniques require parameters related to the ter-
mination of the reduction algorithm to be predefined. In the
case of ubiquitously used forward selection-based procedures,
this is typically the desired cardinality of the reduced set or
the probability distance between the initial and reduced sets.
For situations characterized by frequent and time-constrained
decision-making, both instances have possible impeding effects.
In particular, relying on some measure of probability distance
presumes prior knowledge about the underlying problem. It
requires, at the very least, a rudimentary notion of plausible
and acceptable ranges for the computed distance to be bounded
by. On the other hand, setting a cardinality parameter may offer
a more intuitive alternative. However, doing so comes at the
cost of not having an indication as to the informational value
contained in the resulting reduced set. Setting the parameter
too low may lead to an approximate set that is too distant
from the original one, whereas setting the parameter too high
unnecessarily increases running time.

In the light of the aforementioned observations, the contribu-
tion of this paper is threefold:

1) Class-driven scenario generation: This work proposes a
method in which scenario generation related to a stochastic
process is treated as a classification problem rather than a
regression problem.

2) Long short-term memory scenario generation: This study
takes a scenario generation approach that not only con-
siders spatial depth as typical deep FFNNs do, but also
takes temporal dynamics into account by relying on neu-
ral network memory components that are able to store
information over long periods of time.

3) Automated scenario reduction: This paper proposes a
scenario set reduction algorithm that strikes a balance
between the accuracy offered by forward selection-based
methods and running time constraints that are present in
many operational settings.Relying on a variance-based
continuation criterion, it requires minimal user input.

The remainder of the paper is organized as follows: Section II
describes in detail the workings of recurrent neural networks,
which are fundamental to this work. Section III develops the
proposed implementation for uncertainty characterization. Sec-
tion IV provides details on the experiments that were conducted
to test the implementation and discusses results. Finally, Sec-
tion V draws relevant conclusions.

II. RECURRENT NEURAL NETWORKS

This section provides relevant details on recurrent neural net-
works, the technology that constitutes the core of the proposed
methodology presented in Section III.

A. Elementary Recurrent Neural Networks

Recurrent neural networks (RNNs) have been known as
highly effective systems for a variety of sequence learning prob-
lems. A RNN can be considered a generalization of feed-forward
neural networks to sequential data, e.g., text data or time series
data [27].

In its traditional form, a RNN maps a sequence of inputsx into
a fixed-length output sequence y through the computation of a
hidden state sequence h. To effectively perform this encoding,
the core of a typical recurrent network architecture consists of
multiple (layers of) units or blocks.

Consider a RNN layer that comprises N units and has input
dimensionality M . Also, let W ∈ RN×M be the input weights,
U ∈ RN×N the recurrent weights, b ∈ RN the bias vector, and
let xt be the input vector at t ∈ {1, 2, . . . , T}. Then, the hidden
state h at time step t is defined as:

˜ht = Wxt +Uht−1 + b (1)

ht = f(˜ht) (2)

where f is a nonlinear activation function. In most cases, the
hyperbolic tangent, which compresses ˜ht to the range [−1, 1],
is used. The hidden state acts as a memory, allowing the block
to capture relevant information from previous time steps of the
input vector xt. Therefore, by design, RNNs should be more
capable of modeling inter-temporal dynamics than feed-forward
networks are.

Unfortunately, they are notoriously difficult to train properly,
mainly due to the vanishing and exploding gradient problems
that may arise when conventional gradient-based learning al-
gorithms such as backpropagation through time (BPTT) are
employed [28] (for a detailed analysis of these issues, see [29]).

B. Long Short-Term Memory Networks

To alleviate such training-related complications, Hochreiter
and Schmidhuber [30] introduced the long short-term memory
(LSTM) unit or block. The inner workings of such units are
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Fig. 1. Schematic of an LSTM unit. Using the input vector xt and hidden
state of the previous unit ht−1, information is removed from (f t) or added to
(it and qt) the cell state ct−1 to yield the updated memory ct. The cell state is
combined with information from the output gate (ot) to arrive at the new hidden
state, which flows to the next block (bottom right) or layer (top).

illustrated in Fig. 1. The principal idea behind an LSTM block
is a modifiable memory cell that can store information over long
periods of time. The state of this cell can be altered by various
gating units, allowing the network to learn what information
is relevant and “unlearn” information that has become obsolete
with respect to the purpose at hand. The main element of each
unit is the internal cell state c. The internal state ct−1 can be
altered based on information contained in the input vectorxt and
the hidden state of a previous block ht−1. Potentially relevant
information from these vectors is captured in qt and, subject
to filtering by the input gate it, added to the cell state to yield
ct. The updated celll state is then passed through a hyperbolic
tangent layer and weighted by the output gate ot to yield ht.
The updated hidden state is subsequently passed onward, both
temporally and a hierarchically, depending on the topology of
the neural network. The initial concept of LSTM blocks was
further advanced when [31] proposed to add a forget gate f t.
By enabling the unit to reset its own cell state at appropriate
moments, this gate was shown to aid in learning of continual
tasks.

Naturally, the features described above facilitate implemen-
tation of LSTM-based architectures in a wide array of problems
involving sequential data.

III. PROPOSED METHODOLOGY

This section provides details on the methodology, comprising
a system that is both iterative and sequential, in a step-wise
fashion. The proposed workflow is illustrated in Fig. 2.

A. Step 1: Class Allocation

First, historical observations of a stochastic process of interest
are aggregated into classes following a procedure similar as
in [32]. Given a sequence of Nsteps realizations xreal

t and
vector vcut containing N cut cut-off points, by implementing
Algorithm 1, each observed value in xreal

t (line 2) is allocated
to a class (line 3) and stored in vector vt (line 4), with support
points vcut.

Algorithm 1: Determine Appropriate Class Allocation for
each Observed Value in the Sequence Under Consideration.

Input: xreal
t , vcut

1: Initialize vt with zeros everywhere on N

∣

∣xreal
t

∣

∣

≥0
2: for i = 1, 2, . . . ,

∣

∣xreal
t

∣

∣ do
3: j∗ ← argmax

j
vcutj , subject to vcutj ≤ xreal

t,i

4: vt,i ← j∗

5: end for
Output:vt

B. Step 2: Iterative Generation

In the second (generative) step, three sequential substeps
can be distinguished: data processing, parameter prediction and
distribution sampling.

1) Data Processing: The elements in vt are transformed
into a binary categorical representation by applying a one-hot
encoding, yielding xhot

t ∈ NNsteps×Ncut

{0,1} . It is assumed that the
dimensionality of the discrete structure does not raise concerns
with regard to over-fitting. For high-dimensional structures,
one-hot encoding may be substituted with an alternative pro-
cedure that results in a more dense representation, e.g., [33].
After appropriate scaling, exogenous features and time-indexing
inputs may be incorporated, if relevant. Let Nexo and N time be
the number of exogenous and time-indexing features, respec-
tively. To ensure consistency with xhot

t the feature values are
presented in rank-2 tensors: xexo

t ∈ RNsteps×Nexo
and xtime

t ∈
RNsteps×Ntime

. The results are concatenated to produce the
array xt ∈ RNsteps×Nfeat

, where Nfeat = Nexo +N time.
2) Parameter Prediction: A deep recurrent neural network

architecture is employed to provide a one-step ahead parameter
prediction of a distribution over N cut classes. An overview of
a possible network hierarchy is shown in Fig. 3. The network
takes as input a 3-D tensor, given by reshaping xt into shape
1×Nsteps ×Nfeat. The input is processed sequentially by
a long short-term memory network, with weights reflecting
learned temporal dependencies and dynamics in history. Note
that, by design, recurrent neural networks are deep in time, as
the hidden state at each time step contains information about
previous hidden states. Spatial depth, on the other hand, can be
attained by stacking multiple recurrent hidden layers on top of
each other [34]. Each layer receives the learned input representa-
tion of its predecessor. Therefore, as information flows upwards
in the hierarchy, increasing levels of representational abstraction
are achieved. The recurrent layers are followed by dense layers,
both to attain further depth and to ensure consistency between
the dimensionality of the network output and the target. The final
layer is an implementation of the softmax function:

ϕ(zk) =
exp(zk)

∑

k′∈vcut exp(zk′)
, (3)

where z ∈ RNcut
is the output vector of the dense layer pre-

ceding the softmax layer. It normalizes the entries in z, such
that

∑Ncut

k=1 ϕ(zk) = 1. Consequently, the output of the neural
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Fig. 2. Schematic of the proposed approach. Three main steps can be discerned: class allocation, iterative scenario generation and scenario set reduction. The
generative step, in turn, consists of three iterative components, i.e., data processing, parameter prediction and distribution sampling.

Fig. 3. Full neural network configuration. Note that this is a specific architectural instance, similar to the one used in Section IV. Network input consists of
historical realizations of the stochastic process, but may also include exogenous and time-indexing variables. The input is presented to the LSTM as a rank-3 tensor.
The output layer comprises a dense layer with softmax activation function, resulting in a conditional distribution over Ncut different classes.

network can be interpreted as predicted parameters that define
the probability distribution of the target yt.

3) Distribution Sampling: Leveraging the softmax transfor-
mation in (3), the LSTM output is used to parametrize a multi-
nomial distribution P with:

p(yt = k | ϕ(z)) = ϕ(zk), ∀k ∈ vcut. (4)

A one-step ahead prediction ŷt is then obtained by sampling
from probability distribution P . At time t+ 1, the predic-
tion is incorporated in the class input sequence, which results
in vt+1 = {vt,i−Nsteps+2, . . . , vt,i, ŷt}. The three substeps
are reiterated (T − 1) times to obtain a scenario of the form
{ŷt, ŷt+1, . . . , ŷT }, whereT is a pre-specified time horizon. A
scenario setZ is then generated by repeating the entire procedure
NZ times, with NZ denoting the desired cardinality.

C. Step 3: Scenario Set Reduction

In the final step, the generated scenario set is reduced to a
subset by means of an iterative, greedy algorithm that is premised
on the notion of forward selection. Building on earlier results
(e.g., [23], [24], [35]), a novel and automated set reduction
procedure with a variance-based continuation criterion is pro-
posed. Let Ω = {1, 2, . . . , NZ} be an index set to Z, such that
Z =

⋃

ω∈Ω Zω. Along with Ω and the probability distribution π
of Z, Algorithm 2 takes as input a threshold θ and a cost matrix
Γ ∈ RNZ×NZ . The elements of Γ are given by:

Γω,ω′ = ‖Zω − Zω′ ‖, ∀ω, ω′ ∈ Ω, (5)

where ‖ · ‖ denotes the Euclidean norm. Note that it is implicitly
assumed that the stochastic process of interest can be appropri-
ately characterized by the scenario set Z.

After initializing the counter (line 1) and the cost matrix (line
2), the procedure commences by determining the scenarioω that
minimizes the distance between itself and all other scenarios in
Ω (line 3). This scenario is used to split the initial set into a
reduced set Ωs and a set comprising the remaining scenarios Ωc

(lines 4 and 5, respectively). The cost matrix is adjusted (line
9) and a non-preserved scenario is selected (line 10), before Ωs

and Ωc are updated accordingly (lines 11 and 12). Note that, at
each iteration, the scenarioω ∈ Ωc is selected that minimizes the
probability distance between Ω and Ωs if it would be included
in the preserved scenario set. The variance of the scenarios in
the reduced set, averaged over the temporal dimension with time
horizon H , is calculated for the previous and current iteration
(lines 13 and 14). When defined (lines 17 and 20), the relative
change of σ̄2 between iterations is computed (lines 18 and 21)
and stored (lines 19 and 22). For i > n, the moving average of σ̄2

over the previous n iterations, λ, is calculated and updated (line
23). The iterative process is terminated when the continuation
criterion (line 7) is rendered invalid, i.e., when λ undershoots
the predefined threshold θ.

As the scenario reduction method proposed in this work
relies heavily on the (fast) forward selection procedure, it also
inherits its properties. As was noted in [9], the forward selection
algorithm does not guarantee the reduced set to be closest in
the Kantorovich distance to the generated scenario set over all
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Algorithm 2: Automated Scenario Set Reduction Using
Variance-Based Continuation Criterion.

Input: Γ, π, Ω, θ, n
1: i← 0
2: Γ[0] ← Γ
3: ω[0] ← argminω∈Ω

∑|Ω|
ω′=1
ω′ 
=ω

πω′Γ
[0]
ω,ω′

4: Ω
[0]
s ← ω[0]

5: Ω
[0]
c ← Ω\ω[0]

6: λ← θ + 1
7: while θ ≤ λ do
8: i← i+ 1
9: Γ

[i]
ω,ω′ ← min{Γ[i−1]

ω,ω′ ,Γ
[i−1]
ω,ω[i−1]}, ∀ω, ω′ ∈ Ω

[i−1]
c

10: ω[i] ← argmin
ω′∈Ω[i−1]

c

∑

ω′∈Ω[i−1]
c \{ω} πω′Γ

[i]
ω,′ω

11: Ω
[i]
s ← Ω

[i−1]
s ∪ ω[i]

12: Ω
[i]
c ← Ω

[i−1]
c \ω[i]

13: σ̄2
[i−1] ← 1

Hi

∑H
t=1

∑i
ω=1

(

ξtω − μt

)2

14: σ̄2
[i] ← 1

H(i+1)

∑H
t=1

∑i+1
ω=1

(

ξtω − μt

)2

15: if i = 1 then
16: Δ[1] ← 1
17: else if 1 < i ≤ n then
18: δ[i] ← (

σ̄2
[i] − σ̄2

[i−1]
)

/σ̄2
[i−1]

19: Δ[i] ← Δ[i−1] ∪ δ[i]

20: else
21: δ[i] ← (

σ̄2
[i] − σ̄2

[i−1]
)

/σ̄2
[i−1]

22: Δ[i] ← Δ[i−1] ∪ δ[i]

23: λ← λ + Δ[i]

n − Δ[i−n]

n
24: end if
25: end while

Output: Ω[i]
c , Ω

[i]
s

reduced sets of the same cardinality. Similar to the forward selec-
tion method, Algorithm 2 should therefore merely be considered
a useful heuristic.

Following [35], an optimal redistribution of the probabilities
in π is carried out. Let Ω∗s and Ω∗c, respectively, be the reduced
set and the set of non-selected scenarios that result from imple-
menting Algorithm 2. Then, the probability of each scenario in
Ω∗s is defined as:

π∗ω = πω +
∑

ω′∈Cω

πω′ , ∀ω ∈ Ω∗s, (6)

with:

Cω = {ω′ ∈ Ω∗c | ω = argmin
ω′′∈Ω∗s

Γω,′′ω′ }, (7)

where Cω denotes the subset of Ω∗c for which the associated
probabilities are to be transferred to ω.

IV. RESULTS

To appraise the proficiency of the proposed implementation,
it is applied to the case of generating and reducing day-ahead
scenarios for Dutch imbalance market prices. Not only are these
prices extremely volatile, they are highly uncertain by their very

Fig. 4. Observed offtake prices for each day in November 2017.

nature, as they are to a large extent dictated by all unpredictable
events in the electricity system and its external influences. Fig. 4
illustrates the erratic nature of Dutch imbalance market prices. It
can be observed that scenario generation for this random process
is a non-trivial task. Therefore, it provides an interesting test case
for the methodology presented in this work. The results of the
experiments are outlined in this section.

A. Input Data

As stated in the Dutch imbalance pricing system (IPS) [36],
prices are determined at regular time intervals with 15-minute
resolution, called program time units (PTUs). The system prin-
cipally adheres to a single pricing mechanism [37]. However,
under specific circumstances, the Transmission System Opera-
tor (TSO) may deviate and impose dual pricing, i.e., separate
settlement prices for offtake and injection.

The experiments in this study pertain to offtake prices. More
precisely, rather than using observed offtake prices at the PTU
level, this study relies on minute-by-minute estimations of these
prices. Using the IPS, signals indicating the balance state of the
grid are combined with information from the bid ladder to arrive
at such estimations. The intuition behind doing so is rooted in
the enhanced insight in the actual price formation process that is
gained by considering minute-by-minute intervals. It should be
noted that, as per the rules defined in the IPS, price sequences
contain temporal dependencies. The input data used in this
study spans the period 2014–2017. Estimated prices are clipped
to be in the range [−70, 150] €/MWh and are subsequently
allocated to classes with a 1€/MWh width. This interval contains
approximately 96% of the historical data.

Following [4], various seasonal effects are captured by intro-
ducing time indexing features xsin

k = sin(2πk/T ) and xcos
k =

cos(2πk/T ), where T denotes the period (e.g., for an input in-
dicating the minute within a PTU, T = 15) and k ∈ {1, . . . , T}.
Time indexing inputs are constructed to reflect intra-PTU, intra-
day, and intra-year dynamics.

Concatenating the price class data and time indices results
in the final input dimensionality of 227. In this particular case,
there are no exogenous variables involved. However, as pointed
out in Section III-B, they easily be incorporated as part of the
network input when warranted. Scenarios with a time horizon of
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148 PTUs (i.e., 37 hours) are generated, such that each scenario
spans the period between 11:00 a.m. of the current day D
until 12 midnight of day D + 2. Note that this particular time
window implies compatibility with day-ahead decision-making
problems (e.g., day-ahead market trading).

B. LSTM Network Details

In order to generate scenarios for Dutch balancing market
prices, a deep long short-term memory neural network as de-
picted in Fig. 3 is built and trained. Network hyperparameters
reported below are optimized using grid search.

1) Architecture: The number of time steps in each input
sequence is set to 60. Before being transformed to a 3-D tensor
to incorporate the batch size, the network input at time t is a
60× 227 matrix Xt ∈ R60×227. The first LSTM layer consists
of 96 hidden units, applies a hyperbolic tangent (tanh) activation
function and returns the complete output sequence. The second
LSTM layer comprises 64 hidden units, but is otherwise equal to
its predecessor. The last LSTM layer contains 48 hidden units,
has a tanh non-linearity and returns only the output of the final
time step. The recurrent layers are followed by two dense layers.
To reflect the dimensionality of the target, both layers consist of
221 hidden nodes. The first dense layer uses a rectified linear
unit (ReLu) [38], [39] as activation function. The softmax layer
at the end of the neural network takes the unprocessed logits of
the second dense layer as input.

2) Training: Due to the large number of parameters in the
model, the potential for over-fitting is implicitly present. To miti-
gate this concern, both dense layers are preceded by dropout [40]
layers during the training phase. The dropout rate is set to 0.2.
As an additional preventive measure, the learning procedure is
stopped before convergence, i.e., when the increase in validation
accuracy stagnates. To reduce the risk of terminating the training
process in a local maximum, the patience parameter is set to
50 epochs. Input sequences are presented to the network in
batches of size 500. The RMSProp [41] optimizer is employed
to minimize the categorical cross-entropy loss, with the learning
rate set to 0.001. The system was implemented in Keras [42]
using TensorFlow [43] as backend, and trained on a single GPU
(NVIDIA Tesla V100, 61 GB RAM).

C. Evaluation Metrics

As this study does not consider a specific optimization prob-
lem, the evaluation of the scenario sets warrants alternative
metrics. To start with, the first four statistical moments of the
generated and reduced scenario sets are calculated and compared
to those of the price observations. Furthermore, as interest is
primarily in the overall quality of the scenario sets, the adoption
of a skill score is desirable. As such, the quality of the generated
and reduced sets is assessed using the energy score (ES) [44]:

ES =
1

NΩ

NΩ
∑

ω=1

‖y − ξω‖ − 1

2(NΩ)2

NΩ
∑

ω′=1

NΩ
∑

ω=1

‖ξω′ − ξω‖,
(8)

where ‖ · ‖ denotes the Euclidean norm and y the realization of
the random process under study. Aside from being a general type

of scoring rule, another important motivation for choosing the ES
is the fact it constitutes a strictly proper skill score. Additionally,
it allows for direct comparison between scenario sets. The ES
is negatively-oriented, i.e., it is inversely related to the skill of
the scenario set. The ES for both steps is calculated at the PTU
level rather than on a minute-by-minute basis.

D. Performance Benchmarks

The performance of LSTM-based scenario generation is com-
pared to the performance of scenario sets generated with a
deep multi-layer perceptron (MLP). MLPs are a specific class
of feed-forward ANNs that can incorporate multiple hidden
layers between the input and output layers, thereby endowing
the FFNN with deep learning capabilities. The MLP-based
generation procedure is analogous to the one described in
Section III-B, with a few minor deviations due to differences
between recurrent and feed-forward ANNs. The network topol-
ogy and hyperparameters are tuned using grid search. The same
training process as outlined in Section IV-B2 is used.

To compare the overall skill of sets that have been reduced
from a common initial set, this study proposes a relative energy
score (RES), which will be defined as:

RESΩr
=

ESΩr

ESΩ
, (9)

where ESΩr
and ESΩ respectively denote the energy score of

the reduced set and the generated set.

E. Test Results

The method proposed in this study was tested over the 14-day
period from January 3, 2018 through January 16, 2018. For each
day, a set of 500 scenarios is generated. It is to be noted that,
as mentioned in Section IV-A, each scenario does not only span
the operational day, but also the 52 preceding PTUs.

1) Distributions of Scenario Sets: Fig. 5(a) depicts the per-
centile bounds containing 80% and 95% of the generated sce-
narios as well as the realized offtake prices for several days in
the test period. It can be visually observed that the majority of
realized prices are well-encapsulated by the generated scenario
sets. On several occasions the observed prices are not covered
by the percentile bounds, which is caused by the chosen im-
balance price range [−70, 150] €/MWh. Approximately 6% of
the observations are outside this price range over the entire test
period.

Subsequently, each of the 14 initially generated scenario sets
is reduced by means of the variance-based reduction method
outlined in Algorithm 2. Equivalently to Fig. 5(a), the percentile
bounds of the reduced scenario sets for days 3, 10 and 14
are shown in Fig. 5(b). It can be seen that the methodology
allows for a drastic reduction in scenario set cardinality without
a significant loss in coverage. Computed over the complete
test period, the average cardinality of the reduced sets is 36.4,
constituting a reduction of 93% relative to the initially generated
sets with a cardinality of 500.

Fig. 6 provides an intra-day perspective by exhibiting distri-
bution plots of generated and reduced scenarios for a selection
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Fig. 5. Scenario sets versus offtake prices for a selection of days. The dark and light shaded areas respectively represent the 80% and 95% percentile bounds. Set
cardinality is indicated at the top of each subplot. Realized prices are shown by the black line. (a) Generated scenario sets. (b) Reduced scenario sets.

Fig. 6. Distribution comparison between generated and reduced sets for var-
ious PTUs of January 10, 2018. The dashed lines represent the quartiles of the
distribution. Observed offtake prices are denoted by the black dots.

of PTUs of a particular day, i.e., January 10, 2018. Realized
offtake prices, along with the median and the interquartile range
of the distributions, are shown as well. It can be observed that
the quartiles of the reduced scenarios are quite similar to those of
the generated scenarios. Additionally, the distributions are more
leptokurtic during PTUs 32, 33 and 71. Indeed, this appears
to reflect price dynamics of particular PTUs that are typically
characterized by high volatility and strong price ramping, e.g.,
the PTUs immediately before and after usual business hours.

2) Scenario Generation Benchmark: Fig. 7 shows the ES for
each day in the 14-day test period for both the proposed method
of scenario generation and the MLP benchmark. Having a lower
energy score at each instance, LSTMs can be said to perform
better and generate scenarios sets with greater skill than MLPs
do. Measured over the complete test period, the former yield
scenario sets with, on average, 13% lower ES than the latter.
The differences between the two range from 2% (day 8) to
28% (day 9). The relative outperformance of LSTMs can be

Fig. 7. Energy score comparison between scenario sets generated with an
LSTM-based recurrent neural network and those resulting from an MLP-based
feed-forward network for each day in the test period.

TABLE I
STATISTICAL MOMENTS OF OBSERVED PRICES, GENERATED SETS AND

REDUCED SETS, COMPUTED OVER 14-DAY TEST PERIOD

attributed to their internal memory capacity and the ability to
store information over multiple time steps.

As a means of further comparison, the first four statistical
moments for the offtake price realizations and the generated
scenario sets are presented in Table I. The reported values are
calculated over the entire test period and are based only on the
96 data points of the operational day as a preemptive measure
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Fig. 8. Evolution of the average variance σ̄2 as more scenarios are selected
and added to the reduced set. The average variance is defined as in Algorithm
2. The shaded area represents the cardinality of the reduced set that is found by
terminating the reduction process when the continuation criterion is rendered
invalid. Each subplot is a selected day in the test period.

against possible misrepresentation of distributional character-
istics. In spite of the fact that the proposed approach is not
grounded in moment-matching techniques, Table I provides
further corroborative indications on the feasibility of taking a
class-driven, LSTM-based approach in finding acceptable ap-
proximations of distributions of interest.

3) Scenario Reduction Benchmark: The scenario reduction
component of the proposed methodology inherently contains the
assumption that variance, or more precisely, the evolution of its
change, may serve as a proxy to informational value or content.
Hence, scenario reduction with a variance-based continuation
criterion may be viewed as exhausting the informational value
of the original set, i.e., within the bounds set by the algorithmic
parameters. In other words, reducing the original set to a size
lower than the variance-based cardinality might imply missing
out on relevant sample paths. Conversely, setting a cardinality
higher than the one obtained by the variance-based procedure
is expected to offer negligible incremental gains in terms of
information content.

For a selection of days in the test period, Fig. 8 shows the
evolution of the mean variance σ̄2, averaged over the temporal
dimension (see Algorithm 2, line 13), in the reduced set as its
cardinality iteratively increases. Initially, the variance increases
steeply. It then reaches a maximum before gradually decreasing
as more scenarios of the original set are added to reduced
set. The shaded area illustrates the impact of the continuation
criterion on the size of the reduced set when using Algorithm
2 (θ = 0.01, n = 5). To investigate how this affects the relative
performance of the proposed reduction method, its RES score is
compared to the RES of various reduced sets that are obtained
by applying a standard forward selection procedure with size
equal to a chosen proportion of the variance-based cardinality.
Fig. 9 presents the RES during the test period for a variety of
such proportions. In the top two subplots, the sets reduced by

Fig. 9. Relative energy scores during the test period for sets reduced with both
the variance-based reduction method proposed in this study and the standard
forward selection procedure with proportional pre-defined cardinality.

the forward selection method contain less scenarios than ones
reduced with Algorithm 2. It can be seen that the variance-based
method yields lower relative energy scores for most days, which
is in accordance with expectations.

From the bottom two subplots, where the forward selection-
based reduced sets have greater cardinality than the variance-
based reduced sets, it appears that increasing the cardinality
above the level obtained using the proposed continuation cri-
terion does not yield significant improvements in terms of the
RES. A probable interpretation of this result is that virtually all
relevant information contained in the generated set is extracted
and transported to the reduced set once the continuation criterion
(θ < λ) is rendered invalid; a reading that is also substantiated
by Fig. 8. It appears that although the sets that are reduced by
means of standard forward reduction comprise, respectively,
50% and 100% more scenarios, these extra scenarios add but
scant information to the reduced sets. This finding corroborates
the hypothesis that continuing to add scenarios to the reduced set
becomes futile past a certain cardinality, at least with respect to
the RES. Indeed, the ability of the proposed scenario reduction
algorithm seems to be supported by the results in Fig. 9.

4) Minor Test Results: Finally, several tests have been per-
formed to evaluate the impact of bin width on the presented
results. Without providing further details, it should be stated
that relative energy scores are impacted unfavorably when the
chosen bin width increases. A potential explanation for this can
be found in the fact that increasing the bin width is expected to
increase the first term in (8) and, therefore, the energy score.

V. CONCLUSION

This paper proposed a novel method for the generation and
subsequent reduction of scenario sets to adequately represent
price uncertainty as related to decision-making problems in
electricity markets. A class-driven implementation facilitates
the employment of modern and powerful deep recurrent neural
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network structures for scenario generation. The reductive
component of the methodology builds on well-established
forward selection procedures and extends it by the inclusion
of a variance-based continuation criterion which allows for
automated scenario reduction. The presented system was tested
on Dutch imbalance prices. The results of the experiments
indicate that the approach is able to generate realistic scenarios
which reflect highly erratic dynamics in the data. Additionally,
they express the capability of the suggested reduction method
to select an adequate subset of scenarios without the need
to explicitly predetermine its cardinality. The approach can
be used in combination with stochastic optimization or other
uncertainty-aware decision-making methods, such as (deep)
reinforcement learning.

In the light of future research, one potentially interesting path
of inquiry might be to investigate whether the proposed sce-
nario generation method can be extended to high-dimensional
contexts. For example, when relying on one-hot encoding for
the representation of classes, the number of dimensions and
parameters increase linearly with the number of classes under
consideration. When the class-space is very large, this may lead
to several issues, e.g., over-fitting or large memory requirements.
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