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Prediction intervals (PI) effectively quantify forecasting uncertainty and serve as inputs for subsequent decision-
making tasks. While it is traditionally assumed that reducing prediction errors will correspondingly reduce
decision errors, this assumption is not invariably valid. This paper introduces an adaptive decision-optimal
framework for optimal interval forecasting in wind power, designed to alleviate the economic dispatch
challenges posed by wind power uncertainty within power systems. Methodologically, this framework employs
a close-loop method based on the Double Deep Q-Network algorithm, where the forecasting module leverages
a pre-trained model with Bi-Directional Long Short-Term Attention to enhance extracting features of historical
data and increase quantile forecast precision. Then, Double Deep Q-Network can select decision-optimal
quantile proportions. The validity of the framework is demonstrated through experiments utilizing real-world
wind power data from the Belgian Elia company, validated across IEEE 6-bus and 30-bus cases. The method
decreased average operation cost and risk by 0.36%/4.38% in the IEEE 6-bus and 0.76%,/6.29% in the IEEE 30-
bus compared to benchmarks. This framework offers a robust solution for wind power probability forecasting
and the decision of power systems, thereby enhancing the stability and economic efficiency of power system
operations.

1. Introduction characterized by a prediction interval that defines the forecast re-

gion. This interval is delineated by two boundaries and a nominal

With the development of new energy, the integration of a high
proportion of new energy sources introduces significant uncertainty
into the power system, which substantially increases the risk of an
imbalance between power supply and demand. This not only leads to
frequent rescheduling and the curtailment of wind and solar energy
but also significantly raises the economic costs of power dispatch. In
extreme cases, such imbalances could even cause widespread power
outages, posing a severe threat to the safe and stable operation of the
power grid. Traditional power dispatching is conducted on predictive
models and sequential execution of decisions, which are contingent
upon the informational foundation provided by forecasts of renewable
energy generation [1]. As the integration of renewable energy sources
increases, inaccuracies in forecasting can amplify the decision-making
risks within power systems [2].

Forecasting problems manifest in various forms, with variables
classified into univariate, multivariate [3], and covariate forecasting.
Regarding the form of forecasting, they are categorized as point fore-
casting [4] and probabilistic forecasting [5]. Wind power probability
forecasting can be seen as covariate probability forecasting and is
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coverage probability (NCP), indicating the likelihood that the actual
value will fall within the specified range. PIs are extensively applied
in the electricity industry, for example, quantifying wind power un-
certainty [6], dictating reserve capacity requirements, and informing
wind power bids in the day-ahead market [7], with NCPs typically
ranging from 90% to 95%. Moreover, the estimated PI also facilitates
uncertainty budgeting in robust optimization for unit commitment [8]
and microgrid [9] scheduling, thereby minimizing operational costs.
Meteorological conditions often influence wind power forecast-
ing [10,11]. Previous studies have shown that numerical weather
prediction can effectively improve forecasting accuracy. For example,
Liu et al. [12] proposed a novel algorithm to enhance the repre-
sentation ability of neural networks for NWP features. Meanwhile,
Zhan et al. [13] proposed a network based on multiple sources of
numerical weather prediction data and temporal attention mechanisms
for wind power forecasting and analyzed the long-term temporal error
characteristics of NWP data. Wind power often contains a large amount
of noise due to the influence of the randomness of the atmospheric
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Nomenclature

ACD Average Coverage Deviation

AIS Average Interval Score

ANN Artificial Neural Network

AW Average Width

COML Cost-Oriented Machine Learning
CRPS Continuous Ranked Probability Score
DBN Deep Belief Network

DDQN Double Deep Q-Network

KKT Karush-Kuhn-Tucker

LSTM Long-Short-Term-Forecasting

MLP Multi-Layer Perceptron

NCP Nominal Coverage Probability
NWP Numerical Weather Prediction

OPI Optimal Prediction Intervals

PI Prediction Interval

PTDF Power Transfer Distribution Factor
QIR Quantile Intersection Rate

QR Quantile Network

QRNN Quantile Regression Neural Network
SPO Sequence-Prediction Optimization

environment. Numerous studies have explored methods to reduce
or eliminate noise from wind speed data using various decomposi-
tion techniques. These include Wavelet Transform [14], Empirical
Model Decomposition [15] and Ensemble Empirical Mode Decompo-
sition [16]. Mehdi Neshat et al. proposed an adaptive decomposition
method to decrease noise with long short-term memory neural model
to forecast wind speed accurately [17]. Yuzgec et al. [18] combined
the Empirical Model Decomposition and Echo State Network for wind
power prediction and achieved good results. However, considering the
lack of interpretability and high computational complexity associated
with signal decomposition techniques, some studies have used multi-
objective optimization algorithms to improve prediction accuracy. For
example, Lv et al. [19] proposed a method for multivariate wind
speed prediction based on a multiobjective feature selection approach
and a hybrid deep learning model. Meng et al. [20] used a multi-
objective cross-optimization algorithm to adjust the parameter pairs of
the extreme learning machine autoencoder to improve the prediction
of wind power. However, the research questions mentioned above are
focused only on wind power prediction and do not adequately consider
the uncertainty of the prediction. Extensive studies have shown that
quantifying the uncertainty of new energy is very important for the
operation of the power system [21-23].

In recent years, the probabilistic forecasting of wind power has
increasingly adopted non-parametric methods to minimize reliance on
prior knowledge, statistical inference, or assumptions about error dis-
tributions. Common nonparametric probabilistic forecasting techniques
include kernel density estimation [24] and quantile regression [25].
Quantile regression(QR) targets the prediction of specific quantiles,
thereby characterizing the probability density distribution of future
power outputs with a single parameter. Unlike kernel density esti-
mation, which necessitates the estimation of the entire probability
density function, quantile regression demands fewer computational
resources and allows for the selection of relevant points based on
specific requirements. This approach is particularly advantageous for
assessing the uncertainty of wind power, particularly in scenarios with
frequent extreme values. For instance, the literature [26] has integrated
Artificial Neural Networks (ANNs) with quantile regression to de-
velop Quantile Regression Neural Networks (QRNNs), which quantify
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(1): Prediction-then-optimization

Training Optimization

Fig. 1. The interaction of forecasting and decision-making .

the impact of uncertainty on wind power output probability fore-
casts. Building on quantile regression, Deep Confidence Networks [27]
have been employed to bolster the probabilistic forecasting model’s
capacity to handle uncertainty, enabling the model to more effec-
tively learn high-order nonlinearities and non-stationary characteristics
within wind speed time series, thereby achieving enhanced perfor-
mance.Meanwhile, reinforcement learning has also been applied to
probabilistic prediction of wind power. Liu et al. [28] Proposed a
probabilistic prediction method of reinforcement learning based on
physical knowledge to forecast wind power under extreme weather.
Zhao et al. [29] uses reinforcement learning to assign different model
weights to accurately predict wind power dynamically.

While the aforementioned model is capable of predicting multiple
quantiles simultaneously, it is susceptible to the quantile crossover
issue. Quantile crossover occurs when the model’s predictions for lower
quantiles exceed those for higher quantiles, violating the fundamental
monotonicity of the cumulative distribution function and resulting in
implausible quantile estimates [30,31]. To address these challenges,
Wang et al. [32] introduce a Deep Belief Network (DBN) model for
wind power, which integrates extreme learning machines and quan-
tile regression. This model transforms the intricate task of nonpara-
metric probabilistic forecasting with artificial neural networks into
a tractable linear programming problem, enabling precise approxi-
mation of a wide range of quantiles. Furthermore, the DBN model
effectively mitigates the quantile crossover problem through the im-
position of constraints. Additionally, Li et al. [33] present a parallel
quantile regression model that incorporates artificial constraints to
alleviate the quantile crossover issue further. Despite advances in wind
power quantile forecasting, existing research, as mentioned above, does
not ensure the simultaneous prediction of multiple quantiles without
crossover. The introduction of artificial constraints, while addressing
the crossover, may compromise the accuracy of the predictions [34].

Although prediction interval methods enhance predictive accuracy
from a statistical standpoint, they often overlook the practical decision
value of forecasts in the context of power system operations [35].
The concept of assessing forecast utility is rooted in the economic and
operational benefits derived from their applications during decision-
making processes. Consider the case of robust optimization problems,
such as robust power scheduling, where probabilistic projections are
integral to determining operational costs. It has been demonstrated that
enhanced forecast accuracy does not invariably translate into increased
operational decision-value [36-38]. For instance, a forecasting result
with a bias in wind power availability may be more advantageous than
a highly accurate point forecast with a minimal mean square error. This
is because the cost of addressing an energy deficit by overestimating
wind power supply in the day-ahead market is typically higher than
the cost of managing an energy surplus through underestimation. Anal-
ogous findings are evident in the realm of unit commitment [39] (see
Fig. 1).

In recent research, there also has been a growing advocacy for
decision-oriented forecasting methodologies [40,41]. (see Fig. 1) The
principal challenge lies in effectively connecting the forecasting process
to decision-making processes. Efforts to address this issue have focused
on the development of loss functions that account for decision-making
perspectives. For instance, to bridge the gap between point forecasts
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and decision-making, a loss function known as ‘“Sequential Predic-
tion Optimization” (SPO) [42] has been introduced. This approach
uses historical data to approximate the objective function, but such
approximations may introduce errors that can undermine the utility
of forecasts. In reference, a decision cost-oriented machine learning
(COML) framework is presented by Zhang et al. [43], which aims to
conduct value-oriented probabilistic predictions. This is achieved by
optimizing the probability distribution of quantile regression models to
align with decision-making objectives. However, the COML framework
simplifies the quantile regression model to a single-stage optimiza-
tion problem by applying the Karush-Kuhn-Tucker (KKT) conditions,
potentially limiting the model’s complexity. The decision problem ad-
dressed in considers only a single decision variable, namely the quantity
of available wind power, which is subject to a capacity constraint.
This allows for a straightforward establishment of the link between
optimal objectives and forecasts. In contrast, more intricate decision-
making scenarios, such as those with multiple decision variables and
constraints, lack a clear connection between predictions and opti-
mal decision goals, complicating the implementation and validation of
decision-oriented forecasts.

In summary, while advancements have been achieved in the predic-
tion of wind power intervals, several limitations persist: (1). Current
quantile prediction models are vulnerable to variations in the magni-
tude of losses across different target tasks. This sensitivity results in
disparate convergence rates of the loss functions, potentially causing
underfitting in some tasks and overfitting in others. Consequently, this
leads to the quantile crossover issue, which undermines the reliability
and precision of quantile predictions. (2). A discrepancy exists be-
tween the forecasted wind power generation and the actual subsequent
decisions. This divergence can result in inconsistencies in prediction
and dispatching, thereby compromising the effectiveness of energy
management.

To address the aforementioned issues, this paper presents a decision-
optimized, non-crossing joint probabilistic forecasting framework tai-
lored for the day-head scheduling of wind turbines. The proposed
method for optimal decision-making integrates a strategy learning mod-
ule based on Double Deep Q-Network(DDQN) designed to select prob-
ability distributions that minimize decision-related costs. In this frame-
work, the policy learning task is represented by an agent, while the
forecasting component resides within the environment. The agent and
environment are linked through a reward system, which is defined as
the negative of the decision problem’s objective value.In this paper,
quantile selection refers to the process of using the DDQN algorithm
to select the optimal quantile from multiple candidates to optimize
decision-related costs and risks. Consequently, the agent is equipped to
learn strategic quantile selections aligned with the decision problem’s
optimal goals. The key contributions of this paper are as follows:

+ Feature Extraction Enhancement: Compared with previous stud-
ies where NWP data and historical data were combined into
a multidimensional vector as input [10-13], which rely solely
on sequential data processing and often fail to capture complex
temporal and extra features dependencies, this paper proposes
a novel forecasting module based on BiLSTM, integrated with
cross-attention and self-attention mechanisms and historical data
and NWP data are entered separately to extract features. This
innovative approach significantly enhances the model’s ability
to extract both global and local features, thereby achieving a
remarkable improvement in performance. Specifically, it results
in a 46.5% improvement for |E,cpl, a 28% improvement for
E 4y, @ 45% improvement for E,; g, and a 14% improvement for
Eprcp compared to the best baseline BiLSTM.

Non-Cross Joint Quantile Prediction:Previous studies have pri-
marily focused on single-quantile predictions and have not ad-
dressed the issue of quantile crossing in multiple-quantile
predictions[25,26,33,34], which arises due to the lack of mono-
tonicity constraints. This issue leads to unreliable forecasting
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results. This paper proposes a novel joint quantile loss function
underpinned by multi-task learning principles.The loss function
is capable of predicting a set of quantiles simultaneously and
addresses the issue of quantile crossing by dynamically adjusting
the weights of each loss function to balance the rate of loss
reduction for different quantiles.This approach facilitates the
concurrent prediction of multiple quantiles without crossing, as
evidenced by the zero quantile intersection rate.

Decision-Optimized Forecasting: In contrast to traditional dis-
patch methods [6,40,43], which are based on sequential predic-
tion and optimization, this paper introduces a Decision-Optimal

Prediction Interval Framework Based on DDQN. Specifically, this
paper employs DDQN to adjust the forecasting outcomes, thereby
reducing the decision-making risks and operational costs of the
power system.The results show that our method can reduce av-
erage operating cost by 0.36% and 4.38% in the IEEE 6-bus
system compared to benchmarks and 0.76% and 6.29% in the
IEEE 30-bus system, thereby enhancing the stability and economic
efficiency of power system operations.

The structure of this paper is as follows: Section 2 presents the
mathematical modeling of the prediction interval and the objective
function associated with the wind power decision problem. Section 3
provides a detailed description of the framework proposed in this study.
Section 4 is dedicated to a discussion of the experimental methodology
and the analysis of the results obtained. Finally, Section 5 summarizes
the findings and presents the conclusions of the research.

2. Problem formulation
2.1. Economic dispatching function

The dispatch-decision optimization problem, considering the proba-
bilistic prediction of wind power, can be formulated as a two-layer op-
timization problem for day-ahead dispatching. The model is extended
to include multiple time steps as follows:

T
: *
; min R(pg . Py ,)

st [0 bl 1~ f i | X50) Vi€ (1,...,T)
N & K-
Pay €108 PP Ve (1, T}
T
[Py} € argmin Y C(p,py.)

t=1

@

In this formulation, R represents the decision-risk measurement func-
tion, p, , denotes the actual power dispatching scheme at time ¢, and p;t
refers to the optimal power dispatching scheme at time 7. The dispatch
cost function is denoted by C, while x, and 6 represent the model input
at time ¢ and the parameters of the wind power forecasting model,

respectively. The symbol p;,, denotes the forecasted value of wind

at+1-p

w1 represents the prediction interval

for wind power forecasting at time ¢, where a and f are parameters

power at time 7, and [p‘,i,y,,p

defining quantile value and confidence level of the interval. The value
P, is derived from the median of the forecasting interval at time ¢, and
T denotes the total number of time steps in day-head dispatching.

In addressing the economic dispatch problem of power at time ¢ with
wind power probability forecasting, the objective is to optimize the cost
of the power generation schedule by accurately predicting wind power,
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thereby achieving a cost-effective power system operation.

T G
DACR N

=1 i=1
subject to:

2di= 2+ X

JEL ieG iewW (2)
i€N5Pi+ZPij— 2 Pri = d;

JjeEin keout
~ F<PTDF(p;—d) < F
PN < pf < PP Vie G

In the context of this optimization problem, pf denotes the power
output of generator i at a specific time ¢ and p}’ denotes the wind power
of wind generator i. The variable d; represents the demand at node j
at time . The cost associated with operating generator i is a quadratic
function of time . Let G represent the set of generators, W the set of
wind generators, and L the set of loads. The power balance constraint
for each node is given by i € N : p; + ¥ cin Pij — Ziecour Pri = d;- The
constant F signifies the maximum permissible deviation of the power
transfer distribution factor (PTDF) [43], denoted by PT DF, which is
used to assess the impact of power flow on the electrical grid. Finally,
p}“i" and p"™ define the minimum and maximum power output limits
for generator i, ensuring that the generator operates within safe and
predefined bounds.

2.2. Prediction interval

Let X,_, denote the historical features up to time . Since wind
power forecasting is a covariate-based forecast, it can be decomposed
into historical data &X,_; and additional features X! |, such that X_, =
(X, X/_).and let {Y,,,...,Y,,} represent the forecasting result set
with a lead time /. Probabilistic wind forecasting with a lead time
I involves specifying the conditional density function f,,(Y,|%,_;)
and the conditional cumulative distribution function F,,(Y,|X,_;).
Specifically, the «,,,-quantile result pfjr*l’ is given by F;}l (@), where
the quantile probability «,,, ranges within [0,1]. Consequently, the
Prediction Interval with a NCP of (1 — f) x 100% can be constructed
as follows:

a, ;. +1-f
Pho =[] ®

2.3. Decision-risk objective function

Specifically, during the formulation of power dispatch plans, the
forecasting module’s overestimation and underestimation of actual new
energy measurements correspond to the risks of power surplus and
power deficit, respectively. This risk, denoted as R,,,, can be quan-
tified from a posterior evaluation perspective as the decision error
between the ideal dispatch (the dispatch decision assuming no predic-
tion error, i.e., based on actual measurements) and the actual dispatch.
Additionally, we consider the risk that the actual value falls outside
the predicted interval. Therefore, a risk assessment index R is proposed
to quantify the risks of power generation surplus and deficit based on
precise measurements of new energy generation power.

L G w R
Rpase =75 [Z dy - Zplg - Zp;”:l +
k=1 i=1 j=1 +
G w R L
Ve [pr+2pj’—2dk] @
i=1 j=1 k=1 +

Rbase if ﬁab < Pw < ﬁa.+1_ﬁ

R=1Ry,, + 2

* —
200,57 ')

p

if p, < p*° (5)

Rbase + if ﬁahrliﬂ <Pw
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In the formula, [v], is defined as max{v,0}. p,, means the actual value
for wind. The risk weighting factors for the surplus and deficit parts of
the wind generation power are y, and y,, respectively, with the stipu-
lation that y, > y,. The objective of the end-to-end dispatch decision
model is to identify the optimal wind forecasting value that minimizes
the risk of power imbalance in the grid due to the uncertainty of new
energy forecasts.

min _ [R(p,, pp)l. (6)
Pro~p% p%i+1=F]

3. Methodology

The closed-loop framework proposed is depicted in Fig. 2. Initially,
we pre-train the prediction module M, which is subsequently inte-
grated into the framework. As illustrated, an agent, represented by a
neural network (NN), selects the optimal quantile proportion a* for
the lower bound quantile under the current state. In our framework,
historical data feature X,_, serves as the state s, input to the agent.
The risk function R for the constructed Prediction Intervals serves as a
pivotal feedback reward, seamlessly integrating the two tasks. The key
elements of this formulation are concisely summarized as follows:

State: At time 7, the Reinforcement Learning agent utilizes the
historical data input feature vector X,_; = {x,_;,X,_q_y),...,X,—1 } as the
state, where | denotes the look-back length. X,_; remains part of the
input to the Forecasting module M.

State Transition Function: To generate quantile forecasts for wind at
time ¢, the agent’s state, denoted by X,_;, encompasses both the current
and historical data input features of the prediction module. Similarly,
for time r+1, the agent’s state is X, = {x,_;,;, X,_;, ..., X, }. The transition
from X,_; to X, represents a mapping of continuous variables and is
independent of any action taken. Given the complexity of modeling
state transitions in high-dimensional continuous spaces, addressing the
formulated Deep Reinforcement Learning problem with a model-based
Reinforcement Learning approach, which entails learning a dynamic
model, is particularly challenging. Consequently, we choose to tackle
the aforementioned RL problem using a model-free method instead of
the traditional model-based RL approach.

Action: To determine the risk-optimal quantile proportion within the
continuous interval (0, §), discretization of the probability proportion
is necessary. The discrete action space A consists of a set of quan-
tile proportions, with its cardinality |A| representing the number of
quantile proportions. An increase in the number of actions results in
finer-grained modeling of the (0, §) range for the lower bound quantile
proportion. For a given NCP, the action space is defined as follows:

i-p
A=<{ —= 1. 7
{IAI} @

The cardinality of the action space, denoted as |.A| = n, indicates
the number of available actions. At any given time ¢, the optimal action
a* is chosen from this set. Although the number of actions affects the
agent’s policy, its impact is relatively minor because the difference
between adjacent quantile proportions decreases as the size of the
action space grows.

Reward: The reward function is defined as the negative of the risk
value(Eq. (5)), as given follow:

r;=—R. (€]

Agent: The agent addresses the problem of selecting the optimal
probability proportion by incrementally learning a policy that deter-
mines the optimal lower bound quantile proportion for constructing
Decision-optimal Prediction Intervals.

Environment: The pre-trained forecasting module M, integrated
within the environment, enables the prediction of multiple quan-
tiles.The forecasting module and the forecasting process will be detailed
in the subsequent section.
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Fig. 2. The architecture of proposed method.

3.1. Forecasting module

In this study, we introduce a novel forecasting module(as shown
in Fig. 3) that leverages joint quantile forecasting and multi-feature
input to address the crossover issue in quantile forecasting.The model’s
effective avoidance of quantile crossing enhances the faithful of subse-
quent Decision Optimization Prediction Interval problems.This module
integrates BiLSTM networks with attention mechanisms to process
historical data X and other characteristics X’ (for example, wind speed
and temperature). The BiLSTM networks generate feature representa-
tions A, for historical data and A’ ; for other features, where i indicates
the i-th feature. These representations are input into self-attention
and cross-attention mechanisms to capture temporal dependencies and
cross-feature interactions, yielding attention outputs Z! and Z?2. The
outputs are concatenated to form a comprehensive feature represen-
tation Z,. Subsequently, a multi-layer perceptron (MLP) predicts the
quantiles «; based on Z,, with j indexing the different quantiles in the
set {a;,a,...,a,}. The steps are as follow:

(1) Feature Input: This feature input step employs a sliding-window
sampling method to extract input samples. To facilitate subsequent
reinforcement learning decision modules and enhance prediction ac-
curacy, the training set’s multivariate features are categorized into
historical data X, = {x,_;,%,_;,(,---»%,_;} € REX!, where / denotes the
sequence length, and other features X/ | = {x;'_l, i—/+1’ ,xj_l }iA=,1 e
RN where N represents the number of additional features.

(2) BiLSTM Encoding Module: Owing to the superior feature extrac-
tion capabilities of the BILSTM module, it is utilized as the Encoder for
feature extraction. The formula is as follows:

X

Fo=0(W, - [h_.x]+bf) (92)
I, = c(W; - [h_,x]1+b) (9b)

C, = tanh(W, - [h,_1,x,] + b,) (90)
O, =c(W,-[h,_y,x,]+b,) (9d)
C,=F,xCp_ +1I,xC, (9e)
h, = O, * tanh(C,). (9N

In the equations, W;, W;, W, W, represent the weight matrices for
the forget, input (partitioned into two parts), and output gates, re-
spectively. b,,b;,b.,b, denote the corresponding bias terms. ¢ is the
sigmoid function, and A,_; and A, are the output states of the previous
and current time steps. BILSTM extends conventional LSTM by pro-
cessing data in both forward and reverse directions using two LSTM
networks, enhancing performance on tasks requiring both retrospective
and prospective context.

The Encoding module commences by initializing the hidden state
hy. It then employs an embedding function f,(-), parameterized by 6, to
process the input data and encode the hidden state information across
all time steps, projecting it into the embedding space. The specific
computation process, given the historical data and additional features,
is as follows:

hy = folx;, ) ERP, 1=1,2,...1

. o (10
W= fox'L ' DeRP, =12,

where A/ ;_ b ;, h,, and h,_, represent the hidden states at the previous
and current time steps, respectively; D denotes the dimension of the
hidden state. By performing computations at each time step within
the input time window, the hidden states for all time steps within
the window can be derived as H/ = {h”i,h’;,...,h’;}fil and H, =
{hy, hyr .. By}

(3) Attention Module: The attention mechanism enhances the ex-
traction of key features by assigning weights based on feature effective-
ness. The attention mechanism requires three inputs: Query (Q), Key
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H.={h }
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Fig. 3. The architecture of forecasting module.

(K), and Value (V) (as shown in Eq (11)). Based on this, we employ two
attention modules to separately extract key historical features and ad-
ditional features, thereby adequately modeling historical information.

Attention(Q, K, V) = softmax ( Q K> V. 11)
Vg

Z,1 = Cross-Attention(H,, H,, H/) (12a)

Z? = Self-Attention(H,, H,, H,). (12b)

(4) Multi-Quantile Module: The prediction output layer utilizes
MLPs to predict a spectrum of quantiles concurrently.

a

qpiediction =MLP(Z) a; €l{ap, ... 0} 13)
In the equation, q;’ie diction TEPTesents the j-th predicted quantile. The
vector Z, = concat(Z,’,Z,z). Here, n denotes the total number of

quantiles predicted, «; indicates the j-th quantile value, and M LP;(-)
signifies the j-th Multilayer Perceptron used in the quantile prediction
process.

The quantile loss function is a measure of the difference between
predicted and actual values, commonly used in probabilistic forecasting
and quantile regression. It evaluates model performance by calculating
the quantile differences between predictions and actual values. The
formula for the quantile loss function is given by:

L(7) = max (z(y = 9), (z = Dy = ). 14)

Where L(z) is the loss at quantile 7, y is the actual value, and j is the
predicted value.

To address the common issue of quantile crossing in current quantile
prediction models, this paper proposes a novel joint quantile loss L,
based on multi-task learning. The model employs a Gaussian likelihood
framework to estimate the quantile y,,, at the a-th quantile point,
defined as:

P Fi@) = N Gray 6°). @as)

The losses for different quantiles are combined via a weighted sum.
The joint quantile regression loss L;og is derived from the negative

log-likelihood of multiple quantiles:

E
Logym = z w,L,, (16a)
e=1
n 1 T
Cx ) <2—2) D e, O = ) = Ligrs- (16b)
j=1 0 ) =1

where E is the number of tasks, w, is the weight, and L, is the task
loss.

3.2. DDQN learning

Given the high computational complexity of directly backpropa-
gating gradients using a decision optimization problem as the loss

function, our method leverages DDQN for decision optimization and
probabilistic interval forecasting, capitalizing on the ability of rein-
forcement learning to generate optimal actions through policy gradients
dynamically. The specific details are provided in Algorithm 1. It is
important to note that our method is RL-free and can be integrated
with other discrete reinforcement learning methods.

In the DDQN algorithm, the chosen action is evaluated within the
target Q-network O(s,,,a,41;6’), and its update function is shown in
Equation:

YPPON = r 440 <St+l’ arg I¢Izld]x OCS141> 413 0); 9/> : an
i+

The update rule for the parameters § in the DDQN algorithm is
derived from the loss function, which quantifies the difference between
the target and the predicted Q-values. The goal is to minimize the loss,
leading to the update of the network parameters. The loss function is
given by the following:

LO)=E, .., [(YDDQN _ Q(Snﬂrée))z] ) 18)

To update the parameters 6, we compute the gradient of the loss
function with respect to 6 and perform gradient descent. The update
rule for 0 is:

60— 6—aVyL(©®) 19)

where « is the learning rate.
The gradient of the loss with respect to the parameters 0 is com-
puted as follows:

VyL(©0) =V, [(YDDQN — 0G5, a; 9))2] . (20)

This gradient update adjusts 6 to minimize the temporal difference
error and improve the performance of the Q-network.

4. Experiment and case studies
4.1. Experimental setup

This study uses real-time wind power data, as published by Elia,
the transmission system operator for Belgium. The dataset(Dataset 1),
with a temporal resolution of 15 min, spans from January 2020 to
December 2023.We also added another wind dataset (Dataset 2) to
further validate the forecasting module [44].The proposed closed-loop
method is also verified using the IEEE 6-bus and 30-bus cases.we
assume that wind power generation does not exhibit spatial correlation.
This assumption is based on the fact that transmission grids span vast
geographical areas, and wind farms situated at different nodes possess
relatively independent geographical conditions.The experiments are
carried out using Python 3.9 and PyTorch on an RTX 4090 GPU.

(1) Forecasting module setting:In forecasting tasks,we compare the
forecasting module proposed in this paper with the baseline models
(Gaussian Process, BiLSTM, GRU, TCN, and Transformer-based [45]).
The hyperparameters for our model are presented in Table 1. Our
model, along with the comparative models, was utilized to forecast
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Algorithm 1 Decision Optimization PI Method based on DDQN

Require: Batch size B, learning rates 7,, 1y, parameters z,y, NCP (1 —
/), exploration rate ¢, target network update frequency C
1: Initialize the RL agent’s parameters with random weights and
pre-train the model M
: Initialize the target network Q' with the same weights as O
: Initialize exploration rate ¢ « ¢,
forr=1,2,...T do
Given the input state X,_;, with probability e, the agent se-
lects a random action; otherwise, the agent selects «f =
argmax Q(X,_, a; Q)
6: Execute action in the environment: Select the quantile predictors
&; and &; + 1 — g from the set {a|,...,;} = M(X,_;,w)
7:  Reveal the true value y,
8: Calculate the reward as defined in Eq (5) and update the input
feature X,_; for the next time-step based on the true value y,
9:  Store the transition (&X,_;,r,,a;, X,) in the replay buffer D,Q
10: Sample a random batch of transitions from D,Q

11:  for each transition (&;,r j,a;‘, X4 in the batch do

12: Use the Deep Q-network Q to select the action: o' =
argmax Q(&;,;, a; Q)

13: Use the target Q-network Q' to evaluate the target Q-value:
yy=r+r0X; a0

14: Compute the loss: £

15: Update the Deep Q-network Q using gradient descent with loss
L

16: end for

17:  Every C steps, update the target Q-network: Q' < Q
18:  Decay the exploration rate: e < max(ep;n, € * €decay)
19: end for

Table 1

Forecasting model hyperparameters configuration.
Hyperparameter Value
No. of neurons BiLSTM encoding layer 64
No. of BiLSTM network layers 2
No. attention heads 4
Learning rate 0.01
Batch size 64
Epochs 50

wind power output of one point(15 min) at multi-quantiles: 0.05, 0.1,
0.2, 0.3, 0.4, 0.6, 0.7, 0.8, 0.9, and 0.95. Considering the dispatching
issue, a prediction horizon of 15 min is adopted for intraday dispatch
scheduling.Subsequently, we established confidence intervals for these
forecasts corresponding to confidence levels of 20%, 40%, 60%, 80%,
and 90%, which were calculated based on the quantile ranges [0.1,
0.9], [0.2, 0.8], [0.3, 0.71, [0.4, 0.6], and [0.05, 0.95], respectively.
Following the construction of these intervals, we proceeded to calculate
the evaluation metrics(Eq. (21)-Eq. (27)). The details of metrics can be
seen in Appendix.

(2) DDQN setting:In decision tasks, the network hyperparameters
of the DDQN algorithm are detailed in Table 2.The training parameter
settings for the DDQN are as follows: The learning rate for the Primary-
network, denoted as 7,, is set to 0.001. Similarly, the learning rate
for the Q-network, #y, is also set to 0.001. The discount factor, y is
0.9, and the target network update rate, z, is 0.1. The exploration
rate starts at ¢; = 0.9 and decays by a factor of ey,.,, = 0.99 until it
reaches a minimum value of ¢,;, = 0.01. In decision tasks, we evalu-
ated four benchmark methods: M1:Prediction-then-Optimization [43],
which involves prediction followed by an optimization algorithm for
decision-making; M2:Naive [43], which utilizes the previous data point
as the predicted value for optimization, and two decision-oriented
M3 [40] and M4 [41] forecasting methods.
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Table 2

DDQN hyperparameters.

Hyperparameter Value
Batch size 64
No. of hidden layers 2
No. of neurons in the first hidden layer 64
No. of neurons in the second hidden layer 128
Learning rate 0.001

To handle missing values within the dataset, we employ the strategy
of filling them with the average of the preceding and succeeding data
points. Furthermore, to mitigate the risk of gradient explosion, we
apply Max-Min normalization to scale the data to the interval [0, 1].
Divide the data set in a 6:1:3 ratio to train, valid, and test.

4.2. Comparison of forecasting module

4.2.1. Results and analysis

Table 3 shows the full forecasting results for two datasets. From
Table 3, the forecasting model proposed in this paper demonstrates
superior performance compared to the baseline models in one-point-
ahead prediction. According to baseline results, it is evident that the
BiLSTM/GRU models outperform the Autoformer/Transformer models
in short-term prediction. This advantage is attributed to the Markovian
modeling approach of BiLSTM/GRU, which is more effective in captur-
ing short-term features.Compared to the BiLSTM model, our proposed
model consistently demonstrates significant improvements across both
datasets and all evaluation metrics. On Datasetl, our model reduces
|E4cpl from 0.0438 to 0.0250, representing a 42.92% improvement.
Similar enhancements are observed in E,y , with a 22.11% decrease
(from 31.998 to 24.716), and a 50.34% improvement in E,;¢ (from
—0.9724 to —0.4835). The probabilistic metric Eyp;cp is also im-
proved by 10.94%. For Dataset2, the improvements are even more
pronounced. |E,.p| is reduced by 55.43% (from 0.0438 to 0.0195),
while E,y is lowered by 61.48% (from 32.004 to 12.340). E,;s
is enhanced by 41.17%, and Ejp;cp Sees a 46.96% improvement.
These enhancements are attributed to the effective use of the Attention
mechanism, which improves the modeling of historical features.

Tables 4 and 5 show details of the mean Absolute Coverage Devia-
tion (ACD) and Average Width (AW) for Datasetl. Table 4 shows sig-
nificant ACD variation among models at different confidence intervals.
BiLSTM-JQR and GRU-JQR exhibit notable fluctuations, particularly
at the 20% and 60% intervals, indicating inconsistent coverage. For
example, BILSTM-JQR’s ACD ranges from 4.2% at 20% confidence to
—6.3% at 60%, while GRU-JQR’s ACD varies from 3.8% to 6.7% across
the same intervals. TCN-JQR shows a bias, with an underestimation
of —9.4% at the 80% confidence interval. In contrast, our proposed
model maintains ACD values close to zero, with the highest deviation
being 2.5% at the 90% confidence interval, demonstrating consistent
coverage. Table 5 reveals that our model achieves significantly lower
AW values across all confidence intervals compared to baseline models.
Specifically, at the 20% confidence interval, our model’s AW value is
7.79, which is 37% lower than BiLSTM-JQR’s and 73% lower than
TCN-JQR’s. At the 90% confidence interval, our AW value is 45.20,
which is 25% lower than GRU-JQR’s and 39% lower than TCN-JQR’s.
These results highlight our model’s superior accuracy and sharpness in
probabilistic forecasting. Fig. 4 visualizes the forecasting result of the
proposed forecasting module across different seasons.

4.2.2. Impact of quantile non-cross

This section aims to verify the effectiveness of the proposed quantile
non-cross loss function.The Table 6 presents the E,;, values(Eq. (23))
for four models — BiLSTM, GRU, TCN, and Our proposed — under
two loss functions: QR — E,;, and JOR - E,;,.QR(Eq. (14)) means
the quantile loss and JOR(Eq. (16b)) means the non-cross quantile
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Table 3
Comparison of prediction performances on Datasetl and Dataset2.
Datasets Model Metrics
|EACD| EAW EAIS EMPICD
Gaussian 0.0769 52.341 —-2.3712 0.0551
GRU 0.0498 35.166 -1.1028 0.0581
BiLSTM 0.0438 31.998 —0.9724 0.0573
DataSet1 TCN 0.0906 45.734 —-2.0723 0.0699
Autoformer 0.0581 31.266 —-1.7864 0.0704
Transformer  0.0604 34.512 -1.5371 0.0647
Our model 0.0250 24.716 -0.4835 0.0503
Gaussian 0.0740 28.912 —2.0378 0.0612
GRU 0.0392 15.892 —0.7941 0.0531
BiLSTM 0.0385 14.329 —0.8569 0.0545
DataSet2 TCN 0.1041 26.523 —2.4155 0.0704
Autoformer 0.0441 16.785 -1.9234 0.0679
Transformer 0.0432 18.913 —1.6454. 0.0614
Our model 0.0195 12.340 -0.5043 0.0459
Table 4
E ,¢p of probabilistic forecasting results (Dataset1).
(20%) (40%) (60%) (80%) (90%)
MOdel EACD EACI) EACD EACD EACD
BiLSTM-JQR 0.042 0.049 —0.063 -0.025 0.042
GRU-JQR 0.038 —-0.051 0.067 —0.039 —0.054
TCN-JQR 0.062 —-0.099 0.091 —0.094 0.107
Our 0.020 —-0.045 0.034 0.011 0.025
Table 5
E,y of probabilistic forecasting results (Datasetl).
(20%) (40%) (60%) (80%) (90%)
Model ELy Ey E.w E. E.
BiLSTM-JQR 12.36 15.61 27.34 45.36 59.32
GRU-JQR 16.82 26.24 28.30 43.21 60.26
TCN-JQR 29.41 32.31 35.42 57.72 73.81
Our 7.79 16.28 20.12 34.19 45.20
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Table 6
E,, and E,,, values for different loss ways.
Model OR-E,, JOR-E,, OR - E,,, JOR - E,,
BiLSTM 0.074 0 1.21 2.32
GRU 0.055 0 0.83 1.36
TCN 0.103 0 6.81 10.71
Transformer 0.091 0 89.23 126.64
Autoformer 0.098 0 65.41 115.03
Our 0.085 0 8.20 12.05
Note: E,,, means the time (s) for each epoch.
Table 7
Hyperparameter sensitiveness performances on Datasetl.
Model Metrics
|E/\CD| E/\W EAIS EMPICD
Our model 0.0250 + 0.003 24716 £2 —0.4835 £ 0.08 0.0503 + 0.005

function.From the result, under the QR — E,;, loss, the TCN model
has the highest error rate at 0.103, while the GRU model shows the
lowest error at 0.055. The BiLSTM and Our models fall in between with
error rates of 0.074 and 0.085, respectively. The results indicate that all
models exhibit zero E;, under the JOR— E,;, loss function, suggesting
that JOR can solve the quantile-cross issue.

4.2.3. Impact of hyperparameter

This section illustrates the robustness of our forecasting module
to hyperparameters via random hyperparameter experiments and op-
timization. Specifically, we performed ten experiments using random
seeds (111, 2025, 2024, 2222), varying BiLSTM layers from 2 to 4, and
Attention heads between 4 and 8. The outcomes, presented in Table 7,
demonstrate the forecasting model’s robustness to hyperparameter vari-
ations. Subsequently, we employed hyperparameter tuning, targeting
the E . p metric. As shown in Table 8, Bayesian optimization was more
time-efficient and Grid-Search method can achieve accurate result.
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Table 8
Comparison of Grid-Search and Bayesian-Optimization.
Ejcp/Eaw Time (s)
Grid-Search 0.0184/30.243 1264
Bayesian-Optimization 0.0196/28.904 532

Table 9
Decision results in test set (IEEE 6-bus).

Model Average cost ($) Average risk
M1 [43] 21048 47.47
M2 [43] 21354 66.00
M3 [40] 21006 43.20
M4 [41] 20741 39.28
Our 20667 37.56
4.3. Case study

4.3.1. IEEE 6-bus

In this study, the action space |.A| is defined as 10. The proposed
method’s efficacy is demonstrated through experiments on the IEEE
6-bus system. The setup includes thermal power units at nodes 1, 2,
3 and wind power units at node 4. In the numerical experiment, the
parameters y, and y, are set to 50 and 0.5, respectively, with a wind
power capacity of 150 MW. The decision time for real-time dispatch is
set at 15 min.

Table 9 presents the results of the IEEE 6-bus decision tasks. Specif-
ically, M1 and M2 are traditional Prediction-then-Optimization ap-
proaches. Compared with decision-oriented methods (M3, M4 and
Our), they achieve higher average costs and risks. M3 which is re-
stricted to linear models, performs worse than M4, which employs
Bayesian methods. Meanwhile, the method proposed in this paper,
which utilizes reinforcement learning, outperforms the baseline models
due to its powerful policy learning capability. The proposed approach
achieves a reduction of 0.36% in Average Cost and a decrease of 4.38%
in Average Risk. Fig. 5 shows the visualization of decision-optimal
results.

4.3.2. IEEE 30-bus

We also validated the proposed framework using the IEEE 30-bus
system, integrating two 150MW wind farms to simulate a power system
with significant renewable energy penetration. The forecasting module

Table 10
Decision results in test set (IEEE 30-bus).
Model Average cost ($) Average risk
M1 [43] 35218 119.22
M2 [43] 36361 145.43
M3 [40] 36204 138.76
M4 [41] 34970 98.91
Our 34703 92.69
Table 11
Comparison on averaged operating cost based on different RL approaches(IEEE 6-bus).
Algorithm DDQN DQN PPO SAC
Average cost ($) 20667 21032 20930 22458

was trained individually for each wind farm to account for location-
specific wind variability. The number of forecasting modules, |A| is
set to 10 for each model, ensuring adaptability to multiple wind farms
while maintaining accuracy and reliability.

Table 10 compares the decision results of different models on the
IEEE 30-bus test system. The proposed model demonstrates superior
performance in both average cost and average risk value.Compared
to the state-of-the-art method M4, the proposed approach achieves
a reduction of 0.76% in Average Cost and a decrease of 6.29% in
Average Risk.This indicates that the method proposed in this paper
possesses scalability. This scalability further highlights its potential for
broader implementation, offering enhanced efficiency and reliability in
renewable energy integration.

4.3.3. Comparison of RL algorithms

In this section, we compare the performance of the DDQN algorithm
employed in this paper with those of DQN, Proximal Policy Optimiza-
tion(PPO), and Soft Actor-Critic(SAC). The results ( Table 11) presented
in the table indicate that DDQN, DQN, and PPO, due to their advantages
in handling discrete decision spaces, significantly reduce operational
costs compared to traditional methods. In contrast, SAC designed for
continuous spaces, exhibits suboptimal policy learning outcomes. These
findings not only demonstrate the superior learning effectiveness of
DDOQN but also validate that the framework proposed in this paper can
accommodate other RL algorithms.
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Table 12
Comparison on train and inference time (s) (IEEE 6-bus).
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4.4. Discussion

This section primarily focuses on the discussion of the algorith-
mic complexity of the proposed method and the inconsistency in
Forecasting-Decision.The proposed framework’s complexity is driven
by the BiLSTM module (O(n-d - h)) and attention mechanism (O(n? - d)),
with DDQN contributing O(m-t). The overall complexity is O(n-d-h+n?-
d + m - t). Variables n, d, h, m, and t represent sequence length, feature
dimension, hidden state size, training epochs, and decision time steps,
respectively. Table 12 indicates that, although reinforcement learning
requires longer training times, it can provides dynamic adaptability that
other methods lack.

Fig. 6 presents a comparison of prediction quality between the
decision-optimal prediction interval(NCP 90%) and the standard pre-
diction interval. As illustrated in the table, the average width of the
decision-optimal prediction interval is significantly larger than that
of the standard prediction interval, indicating broader uncertainty es-
timates. This observation underscores the inconsistency of optimiza-
tion objectives between decision-making and prediction tasks. While
standard prediction intervals focus on minimizing statistical errors,
decision-optimal intervals prioritize actionable insights, often requiring
wider bounds to account for potential risks and uncertainties.

5. Conclusion

This paper introduces a reinforcement learning adaptive decision-
making optimal interval prediction framework specifically designed
for wind power prediction to mitigate the impact of wind power
uncertainty on the economic dispatch of power systems. The problem
is modeled as a two-layer optimization task, which incorporates the
economic scheduling function, prediction intervals, and a decision-
objective function aimed at minimizing grid power imbalance risk.
The methodology employs a closed-loop framework powered by the
DDOQN algorithm. This framework is enhanced by a prediction module
that leverages BIiLSTM networks integrated with attention mechanism
to refine historical data processing and boost prediction accuracy.
The forecasting results are further optimized through reinforcement
learning to determine the optimal quantile ratio and choices for the
prediction interval. Experimental validation was conducted using real-
world wind power data provided by the Belgian company Elia and
tested on IEEE 6-bus and 30-bus cases. The test results prove the
validity of the framework proposed in this paper.

The method proposed in this paper still has the following limi-
tations: when applied to large power grids with high penetration of
renewable energy, the computation time is excessively long. Moreover,
this method does not take into account the impact of wind power data
under extreme weather conditions on the security of the power grid.In
the follow-up research, we will consider the spatial correlation of wind

10

Energy 329 (2025) 136661

power generation and the topological correlation of the grid. Addition-
ally, this study focuses solely on the decision-making risks associated
with the uncertainties in new energy predictions affecting the power
system. Future research will consider extreme weather potential risks
arising from multiple uncertainties within the power system, causing
historical data quality problems from extreme weather, and analyze the
different constraints to enhance the operational efficiency of the power
system comprehensively.
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Appendix

A.1. Metrics

Average Coverage Deviation (ACD) is used to evaluate the ac-
curacy of quantile forecasts by measuring the deviation between the
actual coverage rate and the target coverage rate a. It is defined as
p=a— b@, where b is the average coverage rate, calculated as

_ 15T (@ (@)
=2 ¢ - Here ¢

=1 € ,* is an indicator function:

c _ I, if Vi < )A/t(nt)
! 0, if y, > Py)-

When the observed value y, is less than or equal to the predicted quan-
tile Py c,(”) = 1; otherwise, it is 0. The parameter »® represents the
average value of the indicator function over the entire time series. The
target coverage rate a is the desired proportion of observations below
the predicted quantile. A value of E;"C) p close to zero indicates better
forecast reliability, while a positive value suggests under-coverage and
a negative value suggests over-coverage.

Average Width (AW) Sharpness: The sharpness of a forecast is
measured by the Average Width (AW) of the forecast interval, re-
flecting the concentration of the predicted probability distribution. A
wider interval increases uncertainty and decision-making costs, reduc-
ing operational efficiency. The AW, denoted as E,, is calculated as:

2D

T
Epy = % 21, (qs<aup> - fls(adow,») : (22)
5=

where () and gy, are the upper and lower bounds of the
forecast interval at quantile points «,, and ay,,,,, respectively. A lower
E,y indicates a more concentrated distribution and better forecast
sharpness.

Quantile Intersection Rate (QIR): QIR measures the proportion of
times predicted quantiles violate the monotonicity property of a cumu-
lative distribution function (CDF). When a lower quantile’s predicted
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value exceeds a higher quantile’s, it indicates a CDF violation. The QIR,
denoted as E,, is calculated as:
1 T
Eqir = ? Zp(t). (23)
=1
where p(?) is an indicator function:
1, » <y
p(t) = yf(au) yf(au) (24)

0, ey 2 ity

Here, y,,) and Jy, ) are predicted quantiles at time ¢ for quantile points
a, > a,. If a violation occurs at time #, p(t) = 1; otherwise, p(r) = 0. A
QIR close to 0 indicates the model satisfies CDF monotonicity, while a
higher value indicates frequent violations.

Average Interval Score (AIS): Interval Score (IS) is a practical
tool that provides a comprehensive consideration of coverage rate and
interval width. The definition of the interval score S®(x;) is as follows:

2a™ — 4L O(x) - p),  if p; < LO(x))

S@(x;) = -2a', if p; € [L@(x), UY(x))]  (25)
—2af" —4(p; —~U@(x), if p; > UD(x,).
where {i(‘” is the width of the i-th PI:
Ci(a) — U(“)(X,«) _ L(a)(x,«), (26a)
T
— 1
(@) = — (@ (.
S@ = ; S@(x,). (26b)

When the target is not within the PI coverage interval, a certain penalty
is given. A higher AIS value indicates better quality of the prediction
intervals.

Mean Prediction Interval Center Deviation (MPICD): The MPICD
is a measure used to assess the quality of prediction intervals, particu-
larly in probabilistic forecasting. It evaluates how well the prediction
intervals cover the actual observations. The MPICD is calculated as
the average of the absolute differences between the midpoint of the
prediction intervals and the actual observations, normalized by the
number of test cases. The formula for MPICD is:

L&
MPICD = — D

i=1

0("‘) )+ i(a) .
Gy + 1) | -

where U@(x;) and L(®(x,) are the upper and lower bounds of the
prediction interval for the i-th observation, respectively, and p; is the
actual observation.

Data availability

Data will be made available on request.
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