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Abstract—High penetration of renewable energy such as wind
power and photovoltaic (PV) requires large amounts of flexibility
to balance their inherent variability. Making an accurate prediction
of the future power system imbalance is an efficient approach to
reduce these balancing costs. However, the imbalance is affected
not only by renewables but also by complex market dynamics
and technology constraints, for which the dependence structure
is unknown. Therefore, this paper introduces a new architecture
of sequence-to-sequence recurrent neural networks to efficiently
process time-based information in an interpretable fashion. To
that end, the selection of relevant variables is internalized into
the model, which provides insights on the relative importance of
individual inputs, while bypassing the cumbersome need for data
preprocessing. Then, the model is further enriched with an atten-
tion mechanism that is tailored to focus on the relevant contextual
information, which is useful to better understand the underlying
dynamics such as seasonal patterns. Outcomes show that adding
modules to generate explainable forecasts makes the model more
efficient and robust, thus leading to enhanced performance.

Index Terms—Attention mechanisms, balancing market, deep
learning, interpretability, multi-horizon forecasting.

I. INTRODUCTION

THE costs of renewable energies, in particular wind power
and photovoltaic (PV), have significantly decreased in

recent years. Even though these technologies start becoming
economically viable without external economic incentive [1],
they are associated with a major economic issue from a system
perspective since their cost of generation is not reflective of the
final cost incurred to the end-users. Indeed, their uncertain and
intermittent nature needs to be continuously compensated by
other flexible/balancing resources, which may incur significant
balancing costs [2].
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In the competitive European framework, the balancing task is
managed through three complementary policies. First, each mar-
ket actor is responsible for maintaining the energy balance within
its portfolio on a quarter-hourly basis, which is achieved by trad-
ing (surpluses and shortages of) energy in different market floors,
ranging from years ahead to day-ahead and intraday stages [3].
Second, in case of a real-time imbalance of the system aris-
ing from the aggregated deviations from individual agents, the
Transmission System Operator (TSO) is responsible for restor-
ing the frequency in its control area. This is achieved through
a market-based mechanism [4] in which the TSO anticipatively
buys the upward and downward power capacity in day-ahead to
the different actors, such that these power reserves can be de-
ployed in case of need. Finally, balancing costs from the activa-
tion of reserves are billed to market agents contributing to the fre-
quency deviation via the imbalance settlement mechanism [5].

In this context, the development of a reliable forecasting tool
for upcoming system imbalances is an inexpensive solution
that can create substantial value for both the TSO and market
actors. First, relying on such forecasts is an important milestone
towards a more dynamic (and closer to real-time) sizing and
procurement of operating reserves [6]. Indeed, better quantifying
the imbalance risk may avoid oversizing the reserve capacity,
thus reducing system costs [7]. Then, such multi-horizon fore-
casts may also support the evolution from a curative balancing
stage (in which the activation of reserves passively responds to
observed frequency signals) towards pro-active management of
balancing resources with the goal of minimizing the expected
activation costs [8]. Finally, reserve providers can also benefit
from these frequency forecasts [9]. For instance, wind power
producers can rely on this information for deloading strategies
whereby they operate below their maximum power to create
margins for upward regulation [10].

In general, the imbalance is commonly referred to as Area
Control Error (ACE), which is the difference between scheduled
and actual values of the power exchanged in the TSO control
area, i.e., the power imbalance as if no balancing control was
performed by the TSO [11]. In the last decades, the ACE
was assumed to be fully driven by load and wind forecasting
errors [12], [13]. However, in modern power systems, the ACE
is guided by complex and volatile market-related conditions. In
particular, frequency deviations are mainly driven by both the
chaotic dynamics of atmospheric systems (e.g., for renewable-
based generation and electric heating) and human behavior (e.g.,
regarding the risk-based dispatch of resources in electricity
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markets), and therefore exhibit significant variability and un-
certainty. For these reasons, the literature on ACE forecasting is
still very sparse.

A pioneering work is presented in [14], where it is shown that
feedforward neural networks (FFNNs) yield better results than
econometric models for predicting the daily imbalance medians.
Such observations are confirmed in [15] wherein FFNNs are also
used for the deterministic forecast of the grid frequency. These
contributions are completed in [16], where a comparative study
of different forecasters is performed for lead times from 1 to 10
minutes. Results show that Seasonal Auto-Regressive Moving
Average (SARMA) models and FFNNs can be outperformed
by an improved version of the exponential smoothing method
enriched with a Kalman filter. These methods only rely on past
values of the ACE time series, thus neglecting the information
from other relevant covariates. In [17], additional features, such
as load and wind forecasts, temperature data, and market-related
variables, have been used to improve the predictions of hourly
imbalances. Based on this, [18] also capitalizes on exogenous
variables and shows that recent advances in recurrent neural
networks (RNNs), i.e., deep learning architectures tailored to
capture time dependencies and non-linear behaviors, can im-
prove the prediction accuracy. However, all these models were
developed in a deterministic setting. An extension to a prob-
abilistic framework is thus presented in [19] using quantile
regression forests. Finally, the modeling capabilities of a multi-
attention recurrent neural network are combined with mixture
density networks to generate probabilistic forecasts of primary
frequency data in [20].

Overall, all the above models lack an automated procedure
for selecting relevant features among the different available
variables, thus relying on a cumbersome manual preprocessing
phase. Moreover, they mainly focus on prediction performance,
which is done at the expense of interpretability, i.e., forecasters
are developed without the ability to provide insights on how they
exploit the different inputs, which is a major barrier for the indus-
trial acceptability of such models. In this paper, a new generic
methodology is developed for the multi-horizon probabilistic
forecasting of the ACE with the objective of efficiently coupling
high performance with interpretability. To boost accuracy, the
model is built upon an encoder-decoder architecture, in which
contextual data are treated by an encoder that summarizes this in-
formation, which is then fed into a decoder that yields the desired
predictions [21]. Encoder and decoder blocks are composed of
Long Short Term Memory (LSTM) RNNs due to their ability to
represent non-linear time dynamics [22]. The model is here aug-
mented with two modules dedicated to interpretability. First, an
automated selection procedure of relevant inputs is internalized
into the model, which provides direct insights on the relative
importance of individual inputs. Second, two attention-based
layers are designed for identifying the salient past and future
time dependencies.

The contributions of this paper are threefold.
1) The traditional encoder-decoder model is enriched by

designing two different encoder blocks, respectively pro-
cessing past-observed and future-known inputs. The en-
coded vectors are then combined and treated by a decoder

to generate the multi-horizon predictions. This solution
allows the integration of time-varying data over a horizon
that differs from the prediction window, thus fully lever-
aging all contextual dependencies.

2) The model is coupled with an attention mechanism, i.e.,
a computing layer dedicated to selectively concentrate on
salient time information while ignoring irrelevant parts
of the input sequence. Attention layers are implemented
for both past and known future data. This serves two
complementary objectives, i.e., capturing long-term de-
pendencies across all (past and future) time steps while
enabling interpretability by identifying the relevant time
steps in the multi-horizon forecast [23].

3) A generic feature selection process is internalized into the
proposed bi-attentional model through the incorporation
of new modules able to differentiate the importance of
each covariate (at each time step) on the prediction [24].
Interestingly, these variable selection modules directly
provide insights into which variables are driving the fore-
cast outcome. Moreover, they automatically select inputs
without requiring expert knowledge or task-specific engi-
neering [25].

Overall, the proposed bi-attentional model is generic and
offers a natural and efficient way to deal with the heterogeneity
of data sources (such as past ACE observations, past values of
exogenous variables, or the known information about the future).
The model moreover provides quantile forecasts which are free
of any distributional assumption, and can also be easily extended
to perform forecasts with different lead times at different gran-
ularity levels.

The value of the methodology is tested on real-world data from
the Belgian power system [26] by investigating the ACE dynam-
ics learned by the proposed model. Then, the performance of the
architectural variations is also investigated by performing an ab-
lation analysis (in which we quantify the loss of accuracy when
each individual component is removed from the model). Besides,
comprehensive comparisons with other successful approaches in
probabilistic forecasting such as econometric models, gradient
boosting methods, and random forests are conducted.

The rest of the paper is organized as follows. Section II
presents the different components of the proposed prediction
model. Section III introduces the benchmarks. Section IV con-
ducts case studies on a real-world dataset from Belgium and
compares different models. Finally, Section V summarizes im-
portant outcomes and perspectives.

II. METHODOLOGY

The objective of the paper is to predict, at the forecast cre-
ation time t0, the next ACE values with a granularity of 15
minutes, together with an accurate quantification of the forecast
uncertainty. This is achieved by training a parametric model
fθ (whose parameters θ have to be learned) for generating the
conditional distribution of the future ACE signal over the horizon
{t0 + 1, . . ., t0 + τmax}.

In addition to past ACE values yt ∈ R, a wide variety of
time-dependent data can be accessed for the multi-horizon
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Fig. 1. Global model characterized by a bi-attentional architecture to generate interpretable multi-horizon predictions with heterogeneous input data.

ACE forecasting. These exogenous variables can be divided
into two classes, i.e., the mh historical covariates xh

t ∈ Rmh

which usually come from measurements (and whose values
are thus sequentially gathered as time t elapses), and the mf

inputs xf
t ∈ Rmf whose future value are known (e.g., calendar

information or market quantities cleared in forward stages).
Incorporating these exogenous variables may benefit the fore-
casting performance. At this stage, it is interesting to notice
that we use t-indices when referring to the conditioning range
(of inputs) {t0 − k, . . ., t0 + l}, while τ is used for the forecast
horizon (of outputs) {t0 + 1, . . ., t0 + τmax}.

To optimally leverage such heterogeneous information, a
novel sequence-to-sequence architecture is designed to process
the mh past and mf future inputs in two different blocks.
The global architecture of the forecaster, which is developed to
achieve both high forecasting performance and interpretability
of the outcomes, is depicted in Fig. 1. First, input features are fed
into variable selection modules that filter out the contributions
of irrelevant data (Section II-A). The resulting information is
processed by an encoder-decoder model, which is dedicated
to efficiently capture (local) time correlations (Section II-B).
The architecture is augmented with attention mechanisms to
learn (long-term) dependencies. These additional layers are
constructed for both past and future data, thus forming a global
model with two temporal attention layers (Section II-C). The
resulting bi-attentional model is trained to generate probabilistic
forecasts of the future ACE values yτ , which is achieved by min-
imizing the quantile loss. This yields quantiles ŷτ = {ŷ(q)τ }q∈Q
of the target distribution for different relevant probability levels
q ∈ Q (Section II-D). Finally, we discuss how the model can
yield interpretable outcomes (Section II-E).

At this stage, it should be noted that all modules of the global
model are jointly trained in the learning phase, thus guaranteeing
the consistency of the framework.

A. Variable Selection

With the increased willingness to promote a transparent and
competitive market, many variables become available, but their

TABLE I
EXOGENOUS INPUT FEATURES OF THE FORECASTING TOOL

actual relevance for predicting the ACE (or any other market
indice) is typically unknown. Historical covariates xh

t and the
known future information xf

t are summarized in Table I.
The forecasts of load and wind generation come from the

Belgian TSO, which provides this information with the goal of
promoting transparent and competitive markets [27]. For confi-
dentiality reasons, the underlying modeling framework cannot
be disclosed. Also, it should be noted that only past realiza-
tions of net imports/exports are incorporated into the model
since they correspond to the actual physical flows measured
at the interface with neighboring countries. The net balance
of (future) scheduled cross-border flows, which are estimated
based on commercial energy transactions, are not considered.
This choice is supported by preliminary analyses revealing that
these future values bring no additional explanatory power to the
ACE forecast.

In this work, we aim to avoid a manual data selection,
which requires a complex multi-variate analysis deciphering
intricate (high-dimensional) dependencies between inputs. In-
deed, some input features may be found irrelevant in univariate
analysis while offering valuable information when coupled with
other variables.

The variable selection is thus internalized into the global
model through the use of variable selection networks [24]. Prac-
tically, inputs at each time step {t0 − k, . . ., t0 + l} are fed into a
dedicated processing layer that learns which are the most salient
variables. The methodology is here presented for past inputs
(but the same principle applies for future inputs). The inputs xh

t

at time t ∈ {t0 − k, . . ., t0} are individually standardized in the
range [−1, 1] before being fed into the variable selection block,
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wherein the normalized inputs x̄h
t are transformed into a new

vector through the linear mapping:

xh,trans
t = W h

t x̄
h
t + bh

t (1)

whereW h
t and bh

t are parameters that need to be optimized during
the training phase. The linear transformed input xh,trans

t ∈ Rmh

are then processed by a softmax layer that normalizes its inputs,
i.e., all mh variables are converted in the range [0, 1], and their
sum is equal to 1, so that they can be seen as probabilities:

vh
t = softmax(xh,trans

t ) (2)

where vh
t ∈ Rmh is the vector defining the importance of vari-

ables at time t. The raw features x̄h
t are then weighted by:

x̃h
t = vh

t ◦ x̄h
t (3)

where ◦ is the element-wise multiplication, and x̃h
t naturally

filters out irrelevant features (before being incorporated into the
forecaster) that could negatively affect accuracy.

In parallel, each calendar information (month of the year, day
of the week, quarter-of-an-hour of the day, day type) is pro-
cessed through an embedding layer, which is transforming the
calendar variable into a fixed-dimensional vector. This reduces
the dimensionality of the input space (e.g., by avoiding the use
of 96 binary variables to encode all quarter-of-an-hour of the
day), while providing a new learned meaningful representation
able to capture their relative significance. In this way, time steps
with similar properties are placed close to each other in the
embedding vector, which cannot be achieved with traditional
techniques such as one-hot encoding.

At each time step, both calendar and other inputs are then
combined and integrated into the forecaster.

B. Encoder-Decoder Architecture

Efficiently processing the past observed values and the known
information about the future is a non-trivial task due to the
necessity to feed models with a fixed-dimensional input vector
(since the number mh of past covariates is likely to differ from
the number mf of known inputs about the future). A successful
solution is provided by sequence-to-sequence models, which
are composed of two different blocks and are thus sometimes
referred to as encoder-decoder models. These architectures have
shown promising results for challenging tasks such as translation
applications [28].

Traditionally, the encoder processes the past data (known at
the forecast creation time t0) over a look-back window of k past
steps {t0 − k, . . ., t0}, with the goal of mapping this input se-
quence to a latent state vector cenc. This conditioning step serves
to capture the past dynamics, and the decoder subsequently ex-
ploits the representation cenc, along with the known information
about the future, to generate the multi-horizon predictions.

In such a framework, the future context that can be incorpo-
rated into the model is limited to the length of the multi-horizon
forecast, which may prevent to fully leverage contextual infor-
mation. To alleviate this issue, as shown in Fig 1, we imple-
ment a novel architecture wherein two distinct encoder neural
networks are defined. These are respectively processing past
data xh

t for look-back steps t ∈ {t0 − k, . . ., t0}, and future data
xf
t for look-ahead steps t ∈ {t0 + 1, . . ., t0 + l}. The resulting

(transformed) information ch and cf are then jointly treated into
a decoder layer that provides the prediction over the horizon
{t0 + 1, . . ., t0 + τmax}.

In general, encoder and decoder blocks can be represented
by any modeling framework. Here, with the goal of capturing
the complex ACE dynamics, we focus on the Long Short Term
Memory (LSTM) RNNs, which are characterized by a time-
dependent hidden state providing an internal representation of
past events for propagating information through time [29]. For
clarity, hidden states associated with encoder blocks are denoted
by ht, while st is used for hidden states of the decoder. For both
encoders, the LSTM model is further enriched with bidirectional
processing of the input features, resulting in a Bidirectional
LSTM (BLSTM) model that can process the context in both
positive and negative time direction (thus capturing both forward
and backward time dependencies) [30]. Practically, at each time
step t of the horizon, the BLSTM model has access to two hidden
states, i.e.,

−→
h t that provides a representation of previous events,

and
←−
h t that summarizes the information of the following time

steps. We define ht as the concatenation of both forward and
backward states, i.e., ht = [

−→
h t;
←−
h t]. It thus contains a summary

of both preceding and following time horizons, but with a focus
on the information at time t.

As previously mentioned, we use two separate BLSTM mod-
els for respectively encoding past {t0 − k, . . ., t0} and future
{t0 + 1, . . ., t0 + l} data, such that two context vectors ch and cf

are generated. Without loss of generality, we present the encoder
block processing the past time steps t ∈ {t0 − k, . . ., t0}, i.e.,
−→
h h

t = HLSTM

(
xh
t ,
−→
h h

t−1
)
,
←−
h h

t = HLSTM

(
xh
t ,
←−
h h

t+1

)

(4)

ch = f
({−→

h h
t0−k,

←−
h h

t0−k, . . .,
−→
h h

t0
,
←−
h h

t0

})

= f
({

hh
t0−k, . . ., h

h
t0

}) (5)

where HLSTM is the LSTM composite function [29], and f
is a user-defined nonlinear function, i.e., a common solution is
f({hh

t0−k, . . ., h
h
t0
}) = hh

t0
. The same procedure is applied for

processing future time steps t ∈ {t0 + 1, . . ., t0 + l} to yield the
context vector cf.

Then, the decoder reads this transformed information ch and
cf to yield the predictive distribution over the horizon τ ∈ {t0 +
1, . . ., t0 + τmax}:
p
(
yτ | yt0−k:t0 ,x

h
t0−k:t0 ,x

f
t0+1:t0+l

)
= g

(
s{h,f}τ , ch, cf

)
(6)

where g is a nonlinear function that provides the probability of
yτ , and s

{h,f}
τ is the hidden state of the decoder layer.

C. Attention Mechanism

In traditional sequence-to-sequence models, the use of a fixed-
length vector cenc to exchange information between encoder and
decoder modules is a bottleneck for the performance. Indeed, this
makes it difficult for the model to deal with long horizons and
to capture multi-scale characteristics. A solution to this problem
is to rely on an attention-based mechanism. The principle is
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to add a computing layer on top of the encoder wherein the
input information is mapped into a sequence of vectors cenc =
{cenc

t0+1, . . ., c
enc
t0+τmax

}, instead of a single vector cenc. The goal
is to selectively adapt the relevant encoder-side information for
each time step of the prediction horizon{t0 + 1, . . ., t0 + τmax}.

Different architectures have been developed to derive the
context vector cenc. In this work, we use an attention mechanism
inspired by the Bahdanau layer [23]. In that framework, all the
hidden states of the encoder are jointly used for constructing each
element of the τmax-dimensional context vector cenc

τ , thus facil-
itating the representation of long-term dependencies. However,
in its traditional form, the Bahdanau-based encoder-decoder is
limited to exploit the attention from the past information xh

t .
The principle is here extended to allow the attention for both
past and known future data, giving rise to a global model with
two temporal attention layers, one for each of both BLSTM
encoder networks (Fig. 1). The resulting architecture is able
to learn complex alignments between the different time steps
of the studied horizon. As depicted in Fig. 1, both (past and
future) encoder blocks are connected to a decoder layer via these
attention-based mechanisms.

Practically, the outputs {hh
t0−k, . . ., h

h
t0
} and

{hf
t0+1, . . ., h

f
t0+l} of both BLSTM encoders are fed into

distinct attention layers to extract the context vectors
{ch

t0+1, . . ., c
h
t0+τmax

} and {cf
t0+1, . . ., c

f
t0+τmax

}, respectively.
Finding these context vectors is achieved through an alignment
model, which is here described for the encoder block that
processes past time steps:

ch
τ =

t0∑
t=t0−k

ατth
h
t (7)

where hh
t is the hidden state of the corresponding encoder

BLSTM, and the alignment vector ατt is computed by

ατt =
erτt∑t0

t=t0−k e
rτt

(8)

with rτt quantifying the degree of correspondence between the
encoder inputs at time t and the prediction outcome at time τ .
This alignment is computed with a FFNN, using the encoder
state hh

t at time t and the hidden state sh
τ−1 of the corresponding

LSTM network (of the decoder) at time τ − 1.

rτt = align
(
hh
t , s

h
τ−1

)
(9)

A similar alignment architecture is used to obtain the con-
text information cf

τ for the encoder dedicated to process future
information xf

t.

D. Decoder and Output Layers

The outputs ch
τ and cf

τ of both attentional layers are then
processed by a decoder composed of two distinct LSTM layers,
which respectively yield hidden states sh

τ and sf
τ :

sh
τ = HLSTM

(
ch
τ , s

h
τ−1

)
, sf

τ = HLSTM

(
cf
τ , s

f
τ−1

)
(10)

Finally, the outputs of both LSTM layers are combined
[sh

τ ; s
f
τ ] and processed by a FFNN to generate the predictions

{ŷt0+1, . . ., ŷt0+τmax
}.

With the goal that the forecasts can be used for tuning risk
management in dedicated decision-making processes, we pre-
dict (with the global model fθ) the conditional distribution of
the future ACE values. In particular, this target distribution is ap-
proximated using Quantile Regression (QR) [31], by outputting
the conditional quantiles ŷτ = {ŷ(q)τ }q∈Q for different relevant
probability levels q ∈ Q. Practically, the model parameters θ are
learned by minimizing the total quantile loss (also referred to as
pinball loss) over each sequence of the training database [31].
However, when multiple quantiles are jointly predicted, one may
risk running into the well-known issue of quantile crossing.
This issue is checked in post-processing, but no occurrence
was observed over the whole test set. In the literature, some
augmented loss functions have been introduced to tackle this
problem [32], but they are out of the scope of this work.

At each time step τ of the prediction horizon, the QR fore-
casting model thus provides a |Q|-dimensional output (i.e., one
for each quantile of interest):

ŷt0+1:t0+τmax
= fθ

(
yt0−k:t0 ,x

h
t0−k:t0 ,x

f
t0+1:t0+l

)
(11)

Note that the quantiles ŷ
(q)
τ are determined without any prior

assumption on the form of the target distribution, thus providing
high flexibility in the uncertainty representation.

E. Model Interpretability

The bi-attentional model shown in Fig. 1 combines two
complementary modules that yield interpretable outcomes, i.e.,
the attention mechanisms identify significant temporal patterns,
and the variable selection blocks discriminate the importance of
different input features at each time step.

First, in addition to aligning the relevant information at differ-
ent time steps with a specific target (thus simplifying the task of
the decoder layer in making accurate predictions), another key
advantage of the attention mechanism (explained in Section II-
C) is to enhance explainability. In particular, the magnitude of
attention weights ατt in both encoding layers provides insights
on how well all inputs around time t are related to the output ŷτ
at position τ .

From (8), these ατt-values can be intuitively interpreted as
a probability that the output ŷτ is aligned with information
{xh

t , x
f
t} at time t, thereby reflecting the importance of these

inputs. In our global architecture wherein past and known future
information are processed within separate blocks, it is thus
possible to identify the learned importance of persistent patterns
in the data as well as backward dependencies.

Second, the direct incorporation of feature selection blocks
(described in Section II-A) into the global model makes it
inherently interpretable. The vector of variable selection weights
vh
t in (2) has the dimensionality of the inputs, and each of its

components explicitly quantifies the importance of the corre-
sponding variable (at time step t).

From a practical perspective, these insights are essential for
the acceptance and practical deployment of the model at the
industry level, where experts want to understand the underlying
mechanisms by which a model works. Moreover, these insights
on how the model generates predictions can also be leveraged
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by model builders to further improve performance. For instance,
it can be used to increase the size of both look-back and look-
ahead windows if attention peaks are observed at the endpoints
or to look for new features that could further complement those
selected by the model.

III. BENCHMARKS

We compare our proposed bi-attentional model with a wide
range of techniques for multi-horizon forecasting.

First, we implement three different naive methodologies that
provide interesting baselines.
� A probabilistic generalization of persistence (Persistence)

based on a random walk model. The forecast assumes a
Gaussian distribution where the mean is given by the last
available ACE realization, and the variance is determined
by exponential smoothing of previous squared errors [33].

� An averaging model (Average) in which the predicted ACE
distribution is composed of all ACE values of the historical
database. The same distribution is thus applied for each
time step of the horizon.

� A step-wise averaging model (Step-average) in which a
different ACE distribution is computed for each individual
time step, based on all past observations corresponding to
this specific period of the day.

Second, we construct three state-of-the-art models in time
series forecasting.
� A probabilistic Auto-Regressive Integrated Moving Aver-

age (ARIMA), which assumes a constant variance and a
linear time correlation.

� A quantile regression forest (QRF), i.e., a method that
generalizes random forests (in which the outcomes of
independent decision trees are averaged) for estimating
quantiles. The number of trees is set to 500.

� A gradient boosting regression tree (GradBoost) trained
with quantile regression to generate probabilistic predic-
tions. This approach sequentially creates new models (in
an additive fashion) to forecast the residuals of the global
model obtained at the previous stage. The number of boost-
ing stages is fixed to 100.

It should be noted that the ARIMA model is only fed with
past ACE observations, while tree-based models (QRF and
GradBoost) have access to the same input data as the proposed
bi-attentional model.

Third, in order to understand the contribution of the different
architectural variations of the proposed reference model (Ref),
we perform an ablation study. This consists of investigating the
decrease in the model performance when certain components
are removed.
� Bidirectional processing (Ref-Bidir): the bidirectional pro-

cessing of data in both encoder blocks is replaced by a
traditional unidirectional LSTM layer with 24 neurons.

� Attention mechanisms (Ref-Att): the attention-based lay-
ers are removed from the model such that a single
fixed-length vector c{h,f} is fed by each encoder into its
corresponding decoder layer.

TABLE II
TRAINING AND INFERENCE TIMES OF DIFFERENT MODELS

� Variable selection (Ref-VarSel): the variable selection net-
works are removed from the global model, i.e., the in-
puts xh

t and xf
t are directly fed into their corresponding

BLSTM encoder.
For each forecaster (except the parameter-free naive ap-

proaches), an hyperparameter optimization is conducted to iden-
tify the optimal model complexity. This is achieved through an
extensive random search. The same number of iterations is used
across all benchmarks.

IV. CASE STUDY

The procedure is performed on actual data obtained from Elia,
the Belgian TSO [27]. The database is composed of 6 years of
data (from 2015 to 2020), which are divided into sequences
of length {t0 − k, . . ., t0 + l} for the inputs with their corre-
sponding targets covering time steps {t0 + 1, . . ., t0 + τmax}.
Note that each quarter-hourly step of the database is used as
a forecast creation time t0. A prediction horizon of 4 hours is
selected, which corresponds to τmax = 16 time steps, and we
compute the 1st, 5th, 10th, 25th, 50th, 75th, 90th, 95th, and 99th
percentiles of the target distribution (i.e., |Q| = 9) for each of
these time periods.

The sequences are then partitioned into three parts, i.e., a train-
ing set (for learning the relationship between the ACE and the
inputs), a validation set (for tuning the model hyperparameters),
and a test set (for evaluating the model performance). Here, the
full year 2020 is used as a test set, while the sequences related
to years 2015-2019 are split into a training set (containing 85%
of these data) and a validation set (with 15 % of the data). The
training time of the different (non-naïve) models is provided
in Table II. Simulations have been performed on an Intel Core
i7-3770 CPU @ 3.4 GHz with 16 Gb of RAM. All variants from
the reference bi-attentional model have similar training times,
and they are thus not differentiated in the results.

Note that, to avoid tree-based models to have an output of
dimension τmax ·|Q|, a different model is trained for each time
step τ . This reduces the output size of each model (thus facili-
tating training), but at the expense of an increased training time.
In particular, each of the τmax = 16 GBDT models takes around
3 minutes to train (for a total time of more than 45 minutes),
while each of the QRF models takes 73 minutes.

The reference bi-attentional model takes around 16 minutes
for training one configuration. However, once the model is
trained, the (online) inference time for generating new predic-
tions is insignificant (lower than one second). This property
applies for all (naïve, tree-based, and deep learning) models,
which makes them well suited for close to real-time purposes.
It should be noted that if one is interested in integrating the
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new information that is continuously revealed over time, the
reference bi-attentional model can be dynamically adapted using
exclusively the new data (by applying gradient descent only on
these samples). This solution provides quick and efficient up-
dates, and circumvents the need to retrain the global architecture
with the whole set of historical data.

To find the optimal model complexity (e.g., number of neurons
per layers) during training, different configurations need to be
tested, which requires each time to retrain a new model from
scratch. Interestingly, this phase of hyper-parameter optimiza-
tion is significantly facilitated for the reference model. Indeed,
thanks to the different modules to improve the interpretabil-
ity, we observe that the resulting performance is more robust
to hyper-parameters, i.e., small variations in accuracy among
different architectures are recorded. This property is a valuable
advantage of the proposed model with respect to tree-based or
traditional deep learning approaches (that can be very sensitive
to changes in the model complexity). Indeed, no strong expert
knowledge is necessary to properly hand-tune the model, which
may strongly boost its acceptability in the industry.

Practically, the search ranges for hyper-parameters of the bi-
attentional model are listed hereafter:
� number of neurons by layer = [6, 12, 24, 48]
� number of past time steps k = [4, 8, 12, 16, 20, 32, 96]
� number of future time steps l = [4, 8, 12, 16, 20, 32, 96]
� learning rate = [10−2, 10−3, 10−4]
� dropout rate = [0, 0.1]
Outcomes reveal that the optimal numbers of past and future

steps to process are k = 20 and l = 16, respectively. A single
hidden layer is imposed for all encoder and decoder blocks.
Both BLSTM encoders are composed of 24 neurons within
forward and backward layers, while the LSTM decoders have 12
neurons. The training is performed with a batch size of 96 daily
sequences using the Adam algorithm [34], in which the initial
learning rate is fixed at 0.001. Early stopping is implemented to
prevent overfitting, which consists of terminating the training
phase before the model starts to memorize the data instead
of learning the underlying dependencies. This regularization
technique seems sufficient since the best model was obtained
without dropout in the learning phase.

A. Evaluation Metrics

Two important aspects need to be jointly considered when
evaluating the performance of a probabilistic forecaster, i.e.,
reliability and sharpness. Reliability measures the statistical cor-
rectness between the predicted quantiles and the actual observa-
tions. It is computed using the percentage of the ex-post samples
(in the test set) that are actually lower than the corresponding
quantile forecast. Sharpness is a direct measure of the width of
the prediction intervals. To evaluate this trade-off between both
concepts, three probabilistic scores are used, i.e., the quantile
loss function, the Winkler score, and the continuous ranked
probability score (CRPS).

First, we use the quantile loss EQ
τ , i.e., the same function as

the one used to train the probabilistic forecaster, to quantify the

accuracy of the predictions at each time step of the test set (12).

EQ
τ =

∑
q∈Q

qmax
(
yτ − ŷ(q)τ , 0

)
+ (1− q)max

(
ŷ(q)τ − yτ , 0

)

(12)
where the values ŷ(q)τ are the predicted quantiles (i.e., outputs of
the forecaster), and yτ the actual ACE observations.

The quantile loss EQ
τ is complemented with the Winkler

score, which quantifies the forecast quality at different prob-
ability levels [35]. For a prediction interval of (1− β) · 100%,
the Winkler score EW

τ is defined as:

EW
τ =

⎧⎪⎨
⎪⎩
δτ Lτ ≤ yτ ≤ Uτ

δτ + 2(Lτ − yτ )/β yτ < Lτ

δτ + 2(yτ − Uτ )/β yτ > Uτ

(13)

where Lτ = ŷ
β/2
τ and Uτ = ŷ

1−β/2
τ are the lower and upper

bounds of the prediction interval defined by the confidence level
β, and δτ = Uτ − Lτ is the interval width (i.e., sharpness). If an
ACE realization yτ is within the predicted interval [Lτ , Uτ ], the
Winkler scoreEW

τ is a direct measure of sharpness. Otherwise, a
penalty term, whose value depends on the severity of the forecast
error, is added for reflecting the deficiency in reliability. In this
paper, EW

τ is calculated for confidence levels β = {0.02, 0.1,
0.2, 0.5}.

Third, the CRPS computes the quadratic difference between
the forecast cumulative distribution function (CDF) Fτ and the
empirical CDF of the actual observation yτ [36]:

CRPS(Fτ , yτ ) =

∫ ∞

−∞
(Fτ (z)−H(z − yτ ))

2 dz (14)

where H is the shifted unit step function (i.e., its value is
equal to 0 for arguments z lower than yτ , and is equal to 1
when arguments z are higher than yτ ). Interestingly, the CRPS
measures both reliability and sharpness, and has the same unit as
the forecasted variable, which makes it easily interpretable [37].
A low CRPS is associated with an accurate probabilistic fore-
cast. In this work, the CRPS is approximated using simulated
samples [38] with:

CRPS(F̂τ , yτ ) =
1

M

M∑
i=1

|Xτ,i − yτ |

− 1

2M2

M∑
i=1

M∑
j=1

|Xτ,i −Xτ,j | (15)

where the predicted quantiles ŷ
(q)
τ are interpolated using a

cubic spline to obtain a continuous forecast CDF F̂τ . Then,
inverse random sampling of F̂τ is used to obtain M samples
Xτ,1, · · · , Xτ,M .

B. Comparison of Models

Fig. 2 presents the forecast accuracy in terms of quantile loss
EQ of the different models as a function of the prediction horizon
to analyze up to which time span it is relevant to anticipate
grid imbalances.

The results are averaged over all sequences of the test set and
may provide valuable insights for policy-makers regarding the
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Fig. 2. Quantile score of different methods (averaged over the whole test set) for the prediction horizon {t0 + 1, . . ., t0 + τmax}. Outcomes are split into three
sub-figures, i.e., the first one comparing the reference model (Ref) with naïve benchmarks, the second one comparing state-of-the-art models, while the third one
shows the outcome of the ablation study (which allows to clearly visualize the impact on performance of the different components of the Ref model).

Fig. 3. Autocorrelation function of the ACE.

definition of suitable balancing rules, e.g., by identifying the
optimal gate closure times for the reserve provision.

Due to the high variability of the ACE, the Persistence
model performs very badly. Indeed, it simply propagates past
observations without the ability to infer the most likely future
realizations. This behavior can be explained by the autocorrela-
tion function of the ACE (Fig. 3), which shows moderate time
dependencies among consecutive ACE realizations. However,
we observe peaks at t0 + 4 and t0 + 8 (corresponding to hourly
dependencies), which explains the improved accuracy of Persis-
tence at these time steps (with respect to surrounding steps). As
further explained in Section IV-C, this corresponds to the hourly
market transitions (when ramping effects are taking place).

Then, it can be observed in Fig. 2 that the bi-attentional model
outperforms all (naive and state-of-the-art) benchmarks over the
4-hour prediction horizon. In particular, it yields an average
improvement of 3.6% (over the first four quarter-hourly periods
{t0 + 1, . . ., t0 + 4} of the prediction horizon) compared to
GradBoost, which is the next best model. QRF also provides
reliable outcomes in the first time steps, but the accuracy quickly
decreases to drop below naive models after only one hour.
Although tree-based models have the advantage of processing
any type of (continuous and integer) inputs without the need to
normalize these data, they still lack the processing abilities of
more advanced architectures.

Overall, the differences in performance (between all forecast-
ers) quickly decrease over time since all methods tend towards a
naive representation of the historical distributions (differentiated
between the quarter-of-an-hour), thus illustrating the difficulty

to capture the extreme volatility and unpredictability of the ACE
over long horizons. In that respect, the naive benchmark (Step-
average) estimating the future ACE distributions independently
for each time step (based on the historical ACE values measured
each day at the corresponding period) provides a competitive
baseline, which is not easily overcome.

We also see that the ARIMA model achieves poor prediction
performance, which may arise from different reasons. First, it
only leverages past ACE values (thus neglecting the potential
of exogenous information) in a linear framework. Second, the
prediction intervals of the ARIMA are computed analytically, as-
suming that residuals are uncorrelated and normally distributed,
which may lead to poor accuracy when these assumptions are
violated [39]. Third, only the uncertainty associated with the
random error term is considered to find the prediction interval,
thereby disregarding the uncertainty in the choice of the model
and in the parameter estimates [40]. Hence, although economet-
ric models make fewer structural assumptions and can thus be
seen as more flexible than other approaches, they are of limited
value for modeling the uncertainty of complex variables such as
the ACE.

From the ablation analysis, it can be observed that the attention
mechanisms, as well as the variable selection blocks, have both a
significant impact on performance, with an averaged increase in
the quantile loss of around 2.5% in both cases (on the first hour
of the horizon). The reduced accuracy of the non-attentional
model is a direct result of the lack of direct connections with
relevant time steps of the surrounding horizon, thus highlighting
the benefits of this alignment procedure. This observation tends
to reflect the existence of important seasonality patterns in the
data, which is revealed in the following of the paper with the
analysis of the ACE signal (in Fig. 4). Likewise, making the
model interpretable (by incorporating the feature selection into
the architecture) enables to focus on the relevant information at
each time step, thereby improving the model performance.

To complement these results, we conduct a probabilistic quan-
tification of the future imbalance conditions. To that end, the
CRPS and the Winkler scores for different reliability levels are
computed for all models for the first step t0 + 1 of the horizon,
and the results are provided in Table III. We observe similar
trends in both metrics. In particular, the proposed reference
(Ref) model achieves a higher accuracy for all intervals. Such
outcomes are interesting since gains in accuracy for extreme
quantiles can lead to significant cost savings from a system
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Fig. 4. Multi-horizon probabilistic forecasts of ACE for the 13th April 2020 at 3 different periods, i.e., 1:00 am, 5:00 pm, and 11:00 pm, respectively.

TABLE III
WINKLER SCORE OF DIFFERENT METHODS FOR THE FIRST STEP OF THE

PREDICTION HORIZON t0 + 1

perspective (e.g., through reduced needs in terms of reserve
sizing or through improved risk-based activation of reserves).

For illustrating the quality of the outcomes obtained using the
bi-attentional model, probabilistic forecasts (over the 4 hours
horizon) for April 13, 2020, at three different periods, i.e., 1:00
am, 5:00 pm, and 11:00 pm, are depicted in Fig. 4. The predicted
intervals tend to properly embed the actual ACE realizations,
suggesting that the volatility of the signal is well captured. The
ACE uncertainty follows a seasonal pattern with clear spikes
at hourly intervals, i.e., higher imbalances occur in the first
quarter-of-an-hour of each new hour. This observation arises
from the fact that European day-ahead markets are characterized
by an hourly time resolution, i.e., the electricity is traded as
energy in hourly blocks [kWh/h]. This results in a dispatch
of power plants with ramping trajectories between consecutive
hours that are causing imbalances in the TSO control area. It is
worth noting that several theoretical solutions are proposed to
tackle this problem, such as trading power trajectories instead
of energy blocks [41], or by introducing asynchronous energy
blocks [42].

C. Interpretability

In this part, we analyze how the bi-attentional model allows to
interpret the predictions. In particular, we discuss the outcomes
of the model for April 13, 2020, at 5.00 pm to provide reflections
on the relationships that have been learned during training.

First, we focus on the variable selection blocks since the mag-
nitude of weights vh

t in (2) is an image of the importance of each
individual input at time t. These weights are thus represented

Fig. 5. Representation of variable selection weights over both past (upper
graph) and future (lower graph) horizons.

over both past {t0 − k, . . ., t0} and future {t0 + 1, . . ., t0 + l}
conditioning horizons, and are depicted in Fig. 5.

Outcomes from the past horizon show that the model extracts
information from only a subset of inputs to generate the pre-
dictions. As expected, the past ACE observations are the most
relevant inputs since these values contain the recent dynamics of
the target signal. For more distant time steps, the ACE becomes
less important, and the model diversifies the relevant variables.
In particular, net imports/exports occurring between 3 to 4 hours
before the forecast creation time (at 5:00 pm) seem to bring valu-
able information. By analyzing raw data, this can be explained by
the fact that net imports are lower during this period due to a peak
in PV generation, such that the resulting energy mix is subject
to more uncertainty that is ultimately affecting the ACE. This
uncertainty is translated into larger prediction intervals in the
later afternoon (when there is still PV generation), which are then
progressively decreasing. Also, variables such as wind power
and total load also seem to help the model. Indeed, they allow
to inform on the expected variability of the system imbalance
(e.g., the magnitude of prediction errors in wind generation is
higher for windy days). In contrast, information from pumped
hydro energy storage (PHES) is of little value.

However, these observations should be put into perspective
with the information provided by attention weights (in both
encoding layers) that shed light on the most important time steps
to make the predictions. These learned weights are represented
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Fig. 6. Importance of the past conditioning range for the prediction over the
horizon of interest {t0 + 1, . . ., t0 + τmax}.

Fig. 7. Importance of the future conditioning range for the prediction over the
horizon of interest {t0 + 1, . . ., t0 + τmax}.

using a matrix plot in Fig. 6 for the k = 20 past time steps. The
rows of the matrix indicate the steps of the prediction horizon,
while the columns represent the conditioning range. From this,
we clearly see that the last time steps are significantly dominating
the prediction importance. Hence, the ranking of variables for
time steps of more than 1 h back is less significant than the recent
observations that show the strong importance of the ACE.

Then, the same analysis is carried out with the l = 16 steps
of the future context, and the results are presented in Fig. 7.
All prediction steps seem to focus almost exclusively on the
information related to t0 + 1, thus disregarding the information
from {t0 + 2, . . ., t0 + l}. Interestingly, such conclusions are
supported by our additional simulations revealing that replac-
ing future wind and load values with their perfect forecasts
brings limited value to the model, which clearly shows that
the ACE forecaster mainly relies on past data to make the
probabilistic predictions.

In contrast to econometric methods, which are based on
arbitrary assumptions for capturing seasonality patterns, the
attention layers can learn such (forward and backward) de-
pendencies directly from historical data. This enables to easily
conclude on which positions of the input sequence the model
focuses its attention for each step of the prediction horizon.
Such a capability is very useful to build trust in the model since
human experts can judge the relevance of the outcomes through

their knowledge of the environment. In this way, both modules
for interpretability act as a guarantee that meaningful variables
impact the output, i.e., it is possible to check that the model has
captured a truthful causality between explanatory variables and
the predicted outputs.

V. CONCLUSION

The paper is devoted to the multi-horizon probabilistic fore-
casting of the ACE, which measures the system imbalance when
no balancing actions are performed. This information is indeed
essential for reducing the balancing costs while ensuring the
reliability of the power system, thus paving the way towards the
large-scale integration of renewable sources in electricity mar-
kets. The ACE is a complex signal affected by time-dependent
market and technical constraints. The main objective of the work
is to avoid relying on black-box models that do not explain how
the available inputs are used to generate the predictions.

In contrast to customary beliefs considering that high-
performance deep learning-based models are inevitably opaque,
the application of our model to the Belgian power system clearly
illustrates that the objectives of accuracy and interpretability
are closely dependent. In particular, enriching the model with
attributes dedicated to yield more explainable outcomes presents
useful advantages. First, it allows the final user of the model to
better understand the logic of the model. This work is thus an
important step towards the acceptability of deep learning models
in the industry by providing information on the underlying
relationships learned by the forecaster. Then, the interpretability
blocks also reduce the burden of human experts by avoiding
time-consuming preprocessing stages to identify suitable inputs.
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