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Probabilistic Wind Power Forecasting with Missing
Data Tolerance: An End-to-End Nonparametric

Approach
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Abstract—Missing data occurs due to sensor failures, com-
munication issues, or temporary gaps in the measurement
process, which may significantly reduce the performance of
the wind power forecasting system. Therefore, an end-to-end
nonparametric approach is proposed for probabilistic wind
power forecasting (WPF) incorporating missing data imputation.
The proposed method comprises both end-to-end training and
online application procedures. In the end-to-end training phase,
a deep learning-based nonparametric forecast model undergoes
iterative processes involving imputation for missing data and
model training with revised loss. In the online application phase,
the trained forecast model is deployed online to provide multi-
step-ahead probabilistic WPF through continuously imputating
online observations. Compared with other state-of-the-art bench-
marks, the advantages of the proposal include: 1) the proposed
method is nonparametric, i.e., no hypotheses on distribution types
are needed, and 2) the proposed end-to-end training process
will automatically regulate the imputed value from the deep
learning-based forecast model for higher probabilistic forecast
performance, thereby mitigating the negative impact of missing
observations. This approach leverages the advantages of the
nonparametric method and the deep learning-based end-to-end
structure. As a result, the proposed approach showcases an
outstanding approximation capability for the future probability
distribution of nonstationary wind power while simultaneously
addressing missing values. Experiments validate that the pro-
posed end-to-end nonparametric approach is more effective in
mitigating the negative impact of data missingness on fore-
cast performance compared to other representative two-phase
methods integrated with standalone missing data imputation
steps. Additionally, it outperforms its parametric end-to-end
counterpart across various missing rate scenarios, especially in
multi-step-ahead probabilistic forecasting.

Index Terms—Probabilistic wind power forecasting, missing
data imputation, end-to-end structure, quantile regression

I. INTRODUCTION

The advancement of wind energy holds a key position in
our endeavor toward achieving carbon neutrality. As of 2022,
the worldwide installed capacity of wind energy has exceeded
898 GW, and additional growth is on the horizon [1]. The
swift expansion of wind power generation resources introduces
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heightened uncertainties in the generation front for power
systems [2]. Consequently, the implementation of robust wind
power forecasting (WPF) techniques becomes paramount for
dispatch centers. This empowers them to enhance decision-
making and optimize energy scheduling for the future, effec-
tively navigating the inherent variability of wind resources.

Machine learning methods [3]–[9] have gained widespread
adoption in WPF, owing to their heightened flexibility and su-
perior nonlinear approximation capabilities compared to curve-
fitting methods [10], [11] and traditional statistical techniques
[12], [13]. In the realm of machine learning-based WPF, two
primary categories have emerged: point forecasting and prob-
abilistic forecasting [14]. Point forecasting models, including
support vector machines [3], extended polynomial networks
[4], and Markov chains [5], provide single-point expectations.
Probabilistic WPF approaches offer a more comprehensive
set of information, such as quantiles, intervals, or densities,
enhancing decision-making for power system operators [6]–
[9], as opposed to point forecasts which offer only expectations
[3]–[5]. Notable examples of probabilistic forecast models
include model predictive control strategy [9], Gaussian pro-
cesses [6], nonparametric Bayesian methods [7], and kernel
density estimation [8]. Recent advancements have introduced
deep learning architectures, with a focus on recurrent neural
network (RNN)-based models [15]. Notably, the RNN [16] and
bidirectional long short-term memory (LSTM) network with
deep concatenated residual structure [17] have been employed
for point WPF. Bayesian LSTM [18] and autoregressive RNN
[19], [20] have contributed to probabilistic WPF. Moreover,
advanced techniques such as ensemble convolutional neural
networks (CNN) [21], deep mixture density networks [22],
temporal attention networks [23], and Transformer-based mod-
els [24] have also been harnessed for probabilistic WPF
applications.

An inherent limitation in existing WPF methods is that they
are vulnerable to missing observations, which may frequently
happen due to sensor failures and communication errors [25].
Notably, offshore wind farms, particularly those operating
under complicated weather conditions, frequently experience
communication network congestion or disruptions, resulting in
varying degrees of data unavailability [26]. A comprehensive
analysis of two-year-length data sets encompassing wind speed
and power data from 30 European wind farms, with capacities
ranging from 41.8 MW to 129.0 MW, was conducted in [27].
The study revealed that real wind power data typically features
a median missing rate of 2.70%, with some sites experiencing
missing levels as high as 36%. Particularly noteworthy is
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that in case where 11.65% of data was missing and directly
dropped, a substantial 19% increase in the normalized mean
absolute error 1 was observed compared to the case with a
full training data set, i.e., the data set is complete, highlighting
the severe negative impact of missing data on forecast perfor-
mance [27]. In such data-missing situations, the performance
of conventional deep learning-based methods may be signifi-
cantly affected in both the training and application stages. In
the training stage, substantial data loss in the historical data set
may prevent the forecasting model from capturing temporal
correlations and inherent uncertainties within the original
data. In the application stage, incomplete input data also
degrades the prediction performance of the model. Therefore,
addressing missing data at both training and application stages
is crucial for WPF, particularly when aiming to model the
intricate probability distribution of wind power outputs.

There are few studies concerned with missing value esti-
mation related to WPF. For example, paper [28] adopts linear
interpolation (LI) to reconstruct various types of missing data
collected from wind farms. Paper [27] utilizes a multiple
imputation technique based on the Markov Chain Monte
Carlo method for WPF considering missing data recovery.
Despite the simplicity and efficiency of conventional statistical
methods such as LI [27], [28], they may face challenges
in adequately representing the intricate patterns, including
inherent variability and unpredictability, within highly volatile
time series [29]. More sophisticated machine learning-based
approaches have been developed to achieve more accurate
missing data restoration, leveraging their excellent nonlinear
approximation capabilities. For instance, a k nearest neighbor
(KNN)-based imputation and forecast algorithm combined
with CNN and LSTM is designed for wind power generation
forecasting [30]. Moreover, the deep learning-based autoen-
coder, initially utilized in recommender systems for feature
extraction and data reconstruction in an unsupervised manner
[31], is also applied for missing data imputation in the wind
farm Supervisory Control And Data Acquisition (SCADA)
system [32].

Outside the scope of WPF, various missing data imputation
techniques have also been applied to other research fields. For
example, Kalman filters and weighted moving average are em-
ployed for solar irradiance forecasting considering imputating
missing values, demonstrating robustness in forecasting with
different resolutions [28].

In [33], a random forest (RF)-based method is designed to
handle missing data of mixed types in multiple biological data
sets, which includes both continuous and discrete variables.
In [34], autoreplicative RF is developed with computational
efficiency for missing data imputation and shows effectiveness
on small data sets. RF-based methods are verified as panaceas
for imputing missing data, especially when data are highly
skewed [35]. In [36], a modified KNN method is used to
impute spatial and temporal missing traffic data with high
computational efficiency. In [37], the KNN technique is used
for missing value imputation in gene expression data, which

1The normalized mean absolute error denotes the mean absolute WPF error
divided by the capacity of the corresponding wind farm.

helps an early detection of cancer. For autoencoder-based
methods, they are applied to imputing missing values in elec-
tric load data in smart grids [38], food composition databases
[39], industrial time-series data [40], and provide superior
results. Additionally, in [41], a revised CNN with enhanced
resolution perception is employed to impute the missing data
in point solar photovoltaic (PV) generation forecasting.

While there have been several approaches for missing data
imputation, existing methods may lack a specific focus on the
unique challenges of missing data estimation in time-series
forecasting. When applied to forecasting with missing data,
these methods typically necessitate a separation of the imputa-
tion and forecast models into two distinct phases. In this setup,
imputed data are treated as the observation in the prediction
procedure, potentially leading to error propagation and reduced
forecasting accuracy. To mitigate such errors propagated from
imputation to forecasting, paper [42] proposed an end-to-end
method for probabilistic PV forecasting based on autoregres-
sive LSTM, where a single model concurrently performs both
the imputation and probabilistic forecasting tasks. This study
holds relevance to our concerns, given that the same autore-
gressive structure based on LSTM has demonstrated success
in addressing probabilistic WPF in [43]. However, one critical
issue in designing this algorithm in [42] is that it assumes
the probability distribution of the renewable outputs (viewed
as random variables) follows the Gaussian distribution. This
strong assumption on the forecasted probability distribution
may not hold because distribution types of nonstationary time
series may change with time. Although our previous work [44]
proposed a one-step-ahead nonparametric forecasting method
considering missing data imputation, it mainly focused on
the offline procedure without considering the imputation error
and multi-step-ahead forecasting scenarios were not fully
addressed.

In this paper, to deal with the missing data problem and
realize high-performance probabilistic forecasts without re-
quirements on any a priori hypotheses on the distribution
types, an end-to-end nonparametric method is proposed for
probabilistic WPF with missing data tolerance. Specifically,
the core contributions are summarized as follows:

1) An end-to-end training approach is designed for a non-
parametric forecast model with incomplete data sets.
Therein, a continuous imputation process is implement-
ed first to calculate the forecasted quantiles with the
forecast model and impute the missing value in the
wind power series based on the forecasted median. Then,
a revised loss, involving pinball loss for probabilistic
forecasting and mean square error loss for imputation,
is formulated and minimized to train the forecast model.
This model training process includes both imputation
and forecasting, indicating an end-to-end manner.

2) An online application method for multi-step-ahead prob-
abilistic WPF is proposed based on the trained forecast
model facing missing data online. The online application
method considers historical dynamic information in the
wind power series and executes multi-step-ahead fore-
casts through the imputation process. This leverages the
capability of the forecast model to continuously handle
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missing data, as wind power in future time spots can be
viewed as missing observations.

The remainder of this paper is organized as follows. Section
II presents the problem modeling and evaluation metrics.
Section III introduces the methodology for probabilistic WPF
with missing data tolerance. Section IV details simulations.
Section V finally draws conclusions.

II. PROBLEM MODELING AND EVALUATION METRICS

In this section, the problem modeling for a deep learning-
based nonparametric probabilistic forecast model with missing
data inputation is introduced first. Then, evaluation metrics for
the probabilistic forecasted results are presented.

A. Problem Modeling

Probabilistic WPF with missing data aims to provide the
future probability distribution of wind power outputs based
on missing value imputation. The historical observations of
wind power series at {t− δ+1, t− δ+2, · · · , t− 1, t} with
missing data can be denoted as

P̃ t = [pt−δ+1, pt−δ+2, /, · · · , /, pt−2, pt−1, /], (1)

where pi, i ∈ [t − δ + 1, t], denotes the observation of wind
power at time spot i and “/” denotes the observation is missing
at the corresponding time spot. This incomplete vector P̃ t

with no missing data will be imputed as a complete vector P t

before the forecast, which is defined as

P t = [pt−δ+1, pt−δ+2, p̂t−δ+3, · · · , p̂t−3, pt−2, pt−1, p̂t],
(2)

where p̂∗ (denoting variable p̂ with different subscripts) de-
notes an imputed result for the missing value of historical
wind power data.

After missing data imputation, the probability distribution
of wind power can be obtained via a function, i.e., the proba-
bilistic forecast model. Given the advantages of nonparametric
methods, which do not rely on any a priori hypotheses on
distribution types, we adopt quantile regression [45], a widely
used nonparametric approach, for modeling the probabilistic
forecast model. Quantile regression estimates quantiles as-
sociated with different confidential levels of the conditional
distribution of the forecasting target based on a regression
model, i.e., the probabilistic forecast model in our method.
This gives a more detailed view of the distribution, allowing
for the modeling of different parts of the forecasted distribution
(e.g., median, lower quartile, upper quartile, etc.). We model
the probabilistic forecast model in quantile regression as a
deep neural network (NN) with multiple layers considering the
universal approximation capability of the deep NN. This deep
learning-based forecast model maps historical observations to
quantiles of the forecasting target as

pαt+l|t = F (P t, α; θ), α ∈ Q, (3)

where α denotes a nominal proportion ranging from 0 to
1 and it specifies the quantile to be estimated, i.e., the α-
th quantile pαt+l|t. Q denotes the proportion set including all

proportions α concerned. F (·; θ) denotes the deep learning-
based probabilistic forecast model parameterized by θ and
θ include weights and bias for different layers of the deep
NN. Here, the proportion set Q is {0.05, 0.10, ..., 0.90,
0.95} where the element α, i.e., the nominal proportion for
quantile, in Q ranges from 0.05 to 0.95 in 0.05 increments. For
example, when α is 0.5, the corresponding quantile denotes
the median, i.e., the 0.5-the quantile. If there is no missing
data in P t, probabilistic WPF is implemented directly based
on the historical observations without considering imputation.

The parameters θ of the probabilistic forecast model can
be optimized via minimizing the pinball loss L, which is
formulated as

L =
∑
α∈Q

α·max(0, pt+l−pαt+l|t)+(1−α)·max(0, pαt+l|t−pt+l),

(4)
where α is a proportion between 0 and 1, specifying the

quantile to be estimated, i.e., the α-th quantile pαt+l|t, with pt+l
being the observation. The pinball loss penalizes forecasting
errors based on whether the forecasted quantile is below or
above the observation. The proportion α or (1−α) determines
the penalty weight for under- or over-forecasting, respectively:

1) When pαt+l|t < pt+l: The loss increases linearly with
the distance between pt+l and pαt+l|t, weighted by α, as α
proportion of forecasted values are expected to be below the
observation.

2) When pαt+l|t ≥ pt+l: The loss increases linearly with
the distance between pαt+l|t and pt+l, weighted by (1 − α),
as (1− α) proportion of forecasted values are expected to be
above the observation.

By minimizing the pinball loss, the forecast model learns
provide a forecast with an α probability of under forecasting
the observation and a (1-α) probability of over forecasting the
observation, which reflects real quantile values.

B. Evaluation Metrics

The forecasted quantiles are evaluated within the probabilis-
tic forecast evaluation framework in [46].

1) Reliability: Evaluating the reliability of a probabilistic
forecast model involves measuring the average deviations be-
tween expected and observed frequencies below the forecasted
quantiles

Al =
1

I
·
I∑
i=1

|αi −
1

N
·
N∑
n=1

H(pαi

n+l|n − pn+l)|, (5)

where N represents the sample count in the testing data set. αi
denotes the expected frequency, i.e., the nominal proportion,
spanning from 5% to 95% (I = 19) in 5% increments. pαi

n+l|n
indicates the αi-th forecasted quantile with an observation of
pn+l, while H(x) denotes the unit step function.

2) Sharpness: Assessing sharpness involves quantifying the
average width of prediction interval (PI) across different levels
(1-αi)

δl =
1

I ·N
·
I∑
i=1

N∑
n=1

(p
1−αi/2
n+l|n − p

αi/2
n+l|n). (6)
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Fig. 1. End-to-end nonparametric framework for probabilistic WPF with
missing data imputation.

3) Skill Score: The skill score integrates reliability and
sharpness, and an average skill score over N time spots is
computed as

SSl =
1

N
·
N∑
n=1

I∑
i=1

{[H(pαi

n+l|n−pn+l)−αi]·(pn+l−p
αi

n+l|n)}.

(7)

III. METHODOLOGY

A. Framework

The overview of the end-to-end nonparametric probabilis-
tic WPF method with missing data tolerance is depicted
in Fig. 1. The method consists of end-to-end training and
online application procedures, and a quantile regression-based
nonparametric forecast model presented in (3) is adopted
within our framework. In the end-to-end training stage, the
nonparametric forecast model is trained considering missing
data imputation. Therein, the forecast model is employed to
impute the incomplete data set, followed by the training of
the forecast model based on the imputed data set. These
imputation and training steps are executed iteratively in an
end-to-end manner. In the online application stage, the trained
forecast model is utilized for multi-step-ahead probabilistic
WPF via imputing the online observations.

It is noteworthy that the proposed end-to-end framework is
model-agnostic. Other nonparametric learning-based forecast
models can be incorporated into it by replacing the forecast
model F (·; θ) in (3) and the loss function L in (4) with
the target ones. Next, we provide detailed explanations of
the end-to-end training and online application procedures
within our proposed framework in the following two sections,
respectively.

B. End-to-End Training With Missing Data Tolerance

We formulate the historical time series into multiple suc-
cessive inputs preparing for model training. The end-to-end
training for the forecast model based on successive inputs with
missing data imputation is shown in Fig. 2, mainly including
continuous imputation and model training with revised loss.

1) Continuous Imputation: On the top of Fig. 2, green box-
es represent actual values observed in the wind power series
at corresponding timestamps above them, while grey boxes
indicate missing observations. Pink boxes with dashed borders
demonstrate imputed values. During one training epoch for the
end-to-end training process, a batch of successive inputs with
a size T (much smaller than the length of the total training
data) is sampled first considering the training efficiency. These
T successive inputs [P t, P t+1, · · · , P t+T−1] are generated
from the incomplete time series continuously. For any time
spot i, where i ∈ [t, · · · , t+T −1], the input P i represents a
wind power series with a lag interval δ from time spot i−δ+1
to i.

Specifically, denoting the input P t (the first one in suc-
cessive inputs) at time t as [pt−δ+1, · · · , pt] (assuming there
are no missing data or they have been imputed), the next
input P t+1 is formulated as [pt−δ+2, · · · , p̂t+1] with the new
information p̂t+1 given by

p̂t+1 = pt+1 · γt+1 + (1− γt+1) · p0.5t+1|t, (8)

where γt+1 is a binary variable denoting the presence (1) or
absence (0) of the observation at time spot t+1. In situations
where data is missing (γt+1 = 0), the missing observation is
imputed as p0.5t+1|t = F (P t, 0.5; θ), specifically, the forecasted
median at the last time spot t. In contrast, when data is
available (γt+1 = 1), the actual value pt+1 is used to formulate
P t+1. Eq. (8) establishes the link between the imputation and
forecasting processes in our method, as the probabilistic fore-
casting result (forecasted median) is employed for imputing
the missing observation.

We continuously apply the imputation process described in
(8) from time spot t to t+ T − 1, generating all the required
inputs. Meanwhile, these inputs are forwarded to the forecast
model Fθ (abbreviated form of F (·; θ)). Hidden vectors [hαt ,
hαt+, · · · , hαt+T−1] are calculated and passed through the
forecast model over T time spots and corresponding forecasted
quantiles [pαt+1|t, p

α
t+2|t+1, · · · , pαt+T |t+T−1] are computed via

feedforward calculation. This continuous imputation process
empowers the forecast model to fill in multiple missing
observations from time spots t to t + T − 1. In the next
section, we introduce the training technique for controlling the
imputation error that propagates from missing data imputation
to probabilistic forecasting.

2) Model Training With Revised Loss: A revised loss
involving the pinball loss and the mean square error (MSE)
loss is formulated here. Taking into account all inputs across
T time spots, the revised loss over the entire T successive
inputs is defined as

Lre =
1

T

T+t−1∑
i=t

(
Lip + Lim

)
,

Lip =

{
γi+1 ·

∑
α∈Q α · (pi+1 − pαi+1|i), pi+1 ≥ pαi+1|i

γi+1 ·
∑
α∈Q(1− α) · (pαi+1|i − pi+1), pi+1 < pαi+1|i

Lim = γi+1 · (p0.5i+1|i − pi+1)
2,

(9)
where Lip denotes the pinball loss, Lim denotes the MSE loss
at time spot i, i ∈ [t, T + t− 1], pi+1 denotes the observation
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Fig. 2. End-to-end training with missing data tolerance.

of pαi+1|i. In (9), the pinball loss Lip is used to calibrate
the probabilistic forecast performance based on forecasted
quantiles and corresponding observations. The the MSE loss
Lim is introduced to avoid nonsignificant results and make the
forecasted median as close as possible to the corresponding
actual value. Here, we solely record the pinball loss when the
actual value is observed at time spot i+1, because we do not
have the necessary observation p∗.

C. Online Application

In this stage, the trained forecast model is used for multi-
step-ahead probabilistic WPF during the online application.
Assuming the forecast range as L, i.e., forecast the next L
steps quantiles covering future time spots from t+1 to t+L,
a historical range is assigned before the forecast range to
estimate the initial hidden vector for the forecast model in
multi-step-ahead probabilistic WPF. Here, the historical range
covers time spots from t − L to t − 1, which is designed
with the same length as that of the forecast range to capture
dynamic information of wind power series during recent L
steps. Specifically, in the historical range, we implement the
same continuous imputation process as introduced in Section
III-B1. Specifically, successive inputs [P t−L, P t−L+1, · · · ,
P t−1] are formulated and the hidden vector hαt−1 for the
initialization of forecast range is computed via the feedforward
calculation.

Next, we elaborate on the multi-step-ahead probabilistic
WPF process within the forecast range from time spots t to
t + L − 1 during the online application, as shown in Fig. 3.
Specifically, the forecast model takes hαt−1 as the hidden vector
in the LSTM and we implement another continuous imputation
process when the binary variable γt+1 in (8) is always 0
through the forecast range. In detail, denoting P j as the input
at the time spot j, where j ∈[t, t+L−1], we feed P j into the
forecast model Fθ and generate probabilistic forecasts pαj+1 at
different proportions α. Subsequently, the input P j+1 at j+1
is formulated as [pj−δ+2, · · · , p̂j+1] with the new information
p̂j+1 given by the forecasted median at last time spot as

p̂j+1 = p0.5j+1|j , (9)

and the probabilistic forecasts for time spot j+1 are calculated
again via Fθ based on P j+1 as yαj+2|j+1.

We continuously implement the imputation process until the
end of the forecast range. In this way, we obtain many quantile
traces of [yαt+1|t, · · · , y

α
t+L|t+L−1] and finally achieve multi-

step-ahead forecasting.

IV. EXPERIMENTS

A. Description of Data Set and Mechanism of Missingness

We collected a real-world wind power data set from the
Australian National Electricity Market [47]. The data set
records wind power data for the Willogoleche wind farm
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Fig. 3. Multi-step-ahead probabilistic WPF with continuous imputation during online application.

located in South Australia ranging from 2018 to 2020 whose
capacity is 119.4 MW. The time resolution of the wind power
data is 5 min. The input P t of forecast models contains
historical wind power series and also takes time of the day
and day of the year of the forecasting target pt+1 as extra
features as mentioned in subsection IV-B of [48] to consider
the diurnal and seasonal effects. We allocated 60% historical
samples for the forecast model training, the middle 20% for
validation, and the last 20% for testing. Therefore, the data
size for training data (used for offline end-to-end training) is
[126144, 3], i.e., a matrix with a length of 126144 and a width
of 3. For the testing data (used for online forecasting), the
data size is [42048, 3], and we alternatively implement the
online forecasting based on the testing sample one by one in
a rolling window manner. All features in P t as well as pt+1

have been normalized via min-max normalization [49] before
the forecast.

We assume that the missingness in wind power data is
consistent with a mechanism of missing completely at random
(MCAR), which implies that the absence of data is unrelated
to the values [50]. The data missing happens at both the end-
to-end training and online application stages. The missing rate
ranges from 5% to 50%, with 5% for each step, encompassing
both low and high missing rate scenarios. In each scenario,
to implement the MCAR mechanism with varying missing
rates, we set the probability of data being missing at each time
point equal to the predefined missing rate. This ensures that
the positions of missing data are randomly allocated, allowing
us to achieve the predetermined overall missing rate. Fig. 4
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Fig. 4. Visualization of missing patterns under different missing rates.

visualizes missing patterns over 50 successive time spots with
increasing missing rates. The grey rectangles denote missing
data, and the green ones represent the normalized value of
wind power generation. Moreover, the system model indicating
data size and features associated with different missing rate
scenarios is presented in Fig. 5.

B. Benchmarks

In our experiments, we examine several state-of-the-art
imputation and forecasting benchmarks, which include both
two-phase and end-to-end approaches. Two-phase approaches
separate the imputation and prediction into two procedures,
combining various commonly used techniques for imputation
and prediction. Therein, the imputation methods were chosen
from LI [51], KNN [36], RF [33], and autoencoder [31].
The forecasting methods were designed with LSTM owing to
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Fig. 5. The system model.

its superiority in renewable forecasting over other algorithms
verified in [42], [43] and the quantiles were computed via a
fully connected layer. We represent the number of the layer
for LSTM as NF and the width for each layer as WF in
the forecast model. For a fair comparison, all benchmarks
and our proposal share the same LSTM-based nonparametric
structure mentioned above. Specifically, we refer to these
two-phase benchmarks as LI-LSTM, KNN-LSTM, RF-LSTM,
and Autoencoder-LSTM. For the end-to-end approach, the
Recursive LSTM (Rec-LSTM) [42], variational autoencoder
(VAE) [52], and adaptive quantile regression (AQR) [53]
were adopted as benchmarks. In Rec-LSTM [42], the forecast
model was employed to simultaneously execute imputation
and prediction in a parametric way. In VAE [52], an encoder
estimated the posterior distribution of latent variables with
missing inputs, and a decoder reconstructed the missing values
using the estimated latent variables based on Gaussian distri-
bution. In AQR [53], the missing data features were captured
by a NN-based feature extraction module with missingness
indicators, and forecasted quantiles were then output by a
non-crossing quantile regression NN based on the extracted
features. Apart from Rec-LSTM and VAE, these benchmarks
are nonparametric approaches. The multi-step-ahead forecasts
in these benchmarks were conducted using a continuous
imputation strategy.

C. Model Training and Hyperparameter Tuning

We allocated 60% historical samples for the forecast model
training, the middle 20% for validation, and the last 20% for
testing. To mitigate the effect of intrinsic randomness in model
training and validation, we adopt a four-fold cross-validation
technique [54]. If the average loss on the training splits (three
folds from the original data set) has been lower than that on
the validation split (the rest one fold from the original data set)

TABLE I
OPTIMAL HYPERPARAMETERS

Missing rate NF WF T δ lr

5% 16 32 24 15 min 0.001

10% 16 64 24 10 min 0.001

15% 16 32 48 15 min 0.001

20% 16 64 24 15 min 0.001

25% 16 32 48 10 min 0.001

30% 16 32 48 15 min 0.001

35% 16 64 24 20 min 0.001

40% 32 64 48 15 min 0.001

45% 16 64 48 15 min 0.001

50% 32 128 48 15 min 0.001

over 20 successive epochs, the training process will be stopped
to avoid overfitting. A grid-search method was adopted to
find the optimal structure of the forecast model (associated
with NF and WF ), the number of successive inputs T during
the end-to-end training process, the lag interval δ, and the
learning rate lr. Specifically, NF was chosen from {8, 16,
32, 64}, WF from {16, 32, 64, 128}, T from {12, 24, 48,
96}, δ from {5min, 10min, 15 min, 20 min}, and lr from
{0.0001, 0.001, 0.01, 0.1}. The optimal {NF , WF , T , δ, lr}
was determined when the average cross-validation loss was
the lowest during the grid-search procedure for different data-
missing scenarios, respectively, which was recorded in Table I.
The aforementioned training processes were carried out on
CentOS 7.6 using 8 TITAN V GPUs, and Adam was selected
as the optimizer for gradient descent in all experiments.

D. Prediction Results of the Proposed Method

Probabilistic forecasting results generated by our proposal,
reflecting confidence levels from 10% to 90%, are illustrated
in Fig. 6, which indicates PIs between different forecasted
quantiles. Fig. 6(a), (b), (c), and (d) showcase forecasting
outcomes over 1000 successive time spots under scenarios
with 10%, 20%, 30%, and 40% missing rates, respectively. In
each subfigure, the red line represents the observed forecasting
target, while the horizontal axis delineates successive time
intervals with a 5-min resolution. It is evident that our pro-
posed method consistently delivers highly reliable probabilistic
forecasting results across varying missing rates. The forecasted
PIs adeptly include the observations and precisely capture
the upward and downward trends in the wind power series.
This impressive performance of probabilistic WPF results can
be attributed to the exceptional capacity of our end-to-end
nonparametric method to learn missing data patterns across
various missing rate scenarios, which mitigates the negative
impacts on missing data and substantiates the robustness of
our proposed method to handle missing values in probabilistic
WPF.
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Fig. 6. One-step-ahead probabilistic WPF results with different missing rates.

E. Evaluation and Comparison of Performance

We conducted a comparative analysis of the performance
of LI-LSTM, KNN-LSTM, RF-LSTM, Autoencoder-LSTM,
Rec-LSTM, VAE, AQR models, and our proposed method
concerning one-step-ahead, six-step-ahead, and twelve-step-
ahead probabilistic WPF across 10 missing rates ranging from
5% to 50%, respectively. Evaluation metrics including the
average deviation Al in (5), average PI width δl in (6), and
the average skill score SSl in (7) were employed to assess
the probabilistic forecasting outcomes on the testing data set.
Corresponding evaluation results with different missing rates
are presented in Fig. 7 and the average sums of evaluation
metrics over all missing rates are recorded in Table II. Based
on the results, we have the following findings.

1) Highest Reliability, Sharpness, and Skill Score for the
Proposed Method Over Different Data-Missing Scenarios:
Fig. 7(a) reports evaluation results of one-step-ahead proba-
bilistic WPF. In the reliability evaluation, our proposed end-
to-end nonparametric approach consistently demonstrates low
deviations in different tested data-missing scenarios, achieving
the lowest average deviation Al (2.97%) as shown in Table II
across all cases, thus indicating the highest reliability. Other
benchmarks exhibit relatively lower Al close to our proposal
when the missing rate is below 15%, while one of them,
i.e. KNN-LSTM, deteriorates significantly on reliability with
deviations exceeding 10% when the missing rate surpasses

20%. In the sharpness evaluation, depicted in Fig. 7(a) and
summarized in Table II, our proposal demonstrates the smallest
average PI width δl in most experiments across missing
rates ranging from 5% to 50%. In contrast, methods such as
KNN-LSTM, RF-LSTM, and Autoencoder-LSTM showcase
higher δl (larger PI widths) as the missing rate increases. In
terms of the comprehensive metric, the average evaluation
results of the skill score presented in the fourth column of
Table II affirm the superiority of our proposed end-to-end
nonparametric approach. With the highest average skill score
SSl (−0.228) among all methods, it underscores the superior
overall performance of our proposal. From Fig. 7(b), (c),
and Table II, when we consider six-step-ahead and twelve-
step-ahead probabilistic WPF, our proposed method maintains
its superiority associated with the highest skill score and
reliability with the lowest PI widths. In addition, we trained
the forecast models for different methods using a randomly
shuffled dataset, where the chronological order of the original
time series data was disrupted, to showcase the model’s
performance on randomly chosen data. Table III presents the
average skill scores, denoted as SSl

′
, for forecasting scenarios

at different forecasting steps based on randomly chosen data
with missing rates ranging from 5% to 50%. Our proposed
method consistently achieves the highest skill scores in all
scenarios. This superior performance can be attributed to its
ability to effectively manage imputation errors arising from
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Fig. 7. Reliability, sharpness, and skill score evaluations related to different forecasting scenarios under 10 missing rates varying from 5% to 50%. (a), (b),
and (c) are evaluation results for one-step-ahead, six-step-ahead, and twelve-step-ahead probabilistic WPF, respectively.

TABLE II
AVERAGE SUMS FOR EVALUATION METRICS WITH DIFFERENT AHEAD STEPS OVER ALL MISSING RATES

One-step-ahead forecasts Six-step-ahead forecasts Twelve-step-ahead forecasts

Al% δl SSl Al% δl SSl Al% δl SSl

LI-LSTM 12.8 0.0540 −1.04 15.6 0.0344 −1.64 19.3 0.0278 −1.84

KNN-LSTM 6.69 0.175 −0.927 7.93 0.136 −1.45 9.22 0.118 −1.78

RF-LSTM 8.52 0.193 −1.20 10.6 0.154 −1.96 12.8 0.127 −2.34

Autoencoder-LSTM 6.23 0.118 −0.358 9.36 0.930 −0.565 15.1 0.0782 −0.685

Rec-LSTM 3.99 0.0582 −0.270 6.46 0.0549 −0.471 8.57 0.0629 −0.681

VAE 3.63 0.0768 −0.294 4.35 0.0727 −0.523 5.49 0.0713 −0.680

AQR 3.22 0.0379 −0.242 4.31 0.0342 −0.403 5.76 0.0323 −0.568

Proposed method 2.97 0.0365 −0.228 3.98 0.0298 −0.376 5.04 0.0276 −0.479

In this table, Al% denotes the average deviation in reliability evaluation, which is the lower the better. δl denotes
the average PI width in sharpness evaluation, which is the lower the better. SSl denotes the average skill score,
which accounts for both reliability and sharpness, and higher values are desirable.
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TABLE III
PERFORMANCE COMPARISON FOR SKILL SCORES SSl

′
BASED ON

RANDOMLY CHOSEN DATA

SSl
′ for one-step-

ahead forecasts
SSl

′ for six-step-
ahead forecasts

SSl
′ for twelve-step-

ahead forecasts

Autoencoder-LSTM −0.773 −0.872 −1.47

Rec-LSTM −0.657 −0.783 −1.62

VAE −0.691 −0.765 −1.74

AQR −0.688 −0.802 −1.51

Proposed method −0.621 −0.745 −1.29

the continuous imputation process while simultaneously opti-
mizing forecasting accuracy. By considering both imputation
and forecasting errors, the model is able to handle multiple
missing values continuously, with future data also treated
as potential missing values. Moreover, our method makes
the model adaptable to both series-based and random data
scenarios as verified by skill scores in Table II and Table III,
since no strict constraints are imposed on the data form. In
contrast, other methods do not account for imputation errors
(Rec-LSTM, VAE, and AQR) or separate the imputation and
forecasting processes (Autoencoder-LSTM). As a result, these
alternatives struggle to control imputation errors, leading to
inferior performance in random data scenarios as well.

2) End-to-End Methods Perform Better Compared to Two-
Phase Methods: It is worth noting that the end-to-end ap-
proach, i.e., Rec-LSTM, VAE, and AQR, closely rival our
proposed end-to-end approach in terms of Al and surpasses
other two-phase benchmarks in reliability, as depicted in the
top subfigures of Fig. 7(a), (b), and (c), respectively. In the
sharpness evaluation, observed from the middle subfigures in
Fig. 7(a), (b), (c), and the average PI width δl in Table II for
different step-ahead scenarios, end-to-end methods, including
Rec-LSTM, VAE, AQR, and our proposal, generally exhibit
smaller PI widths with higher sharpness. Regarding the com-
prehensive indicator skill score illustrated at the bottom of
Fig. 7(a), our proposed method and other end-to-end methods
demonstrate only a slight decrease as missing rates increase
from 5% to 50%, whereas significant declines are observed
in high missing rate scenarios for those utilizing two-phase
methods. The higher average skill scores SSl for end-to-end
methods recorded in Table II further emphasize the superiority
of end-to-end methods over two-phase approaches. This aligns
with the observed high performance in probabilistic WPF, as
shown in Fig. 6, across different missing data scenarios.

3) Deep Learning-Based Imputation Techniques Perform
Better Compared to Machine Learning Ones: Methods adopt-
ing deep learning-based imputation techniques, i.e., our pro-
posed method, AQR, VAE, Rec-LSTM, and Autoencoder-
LSTM generally yield better evaluation results compared to
those using traditional machine learning approaches, i.e., LI-
LSTM, KNN-LSTM, and RF-LSTM. This superiority can
be attributed to the enhanced nonlinear approximation ca-
pabilities of deep learning techniques, facilitating accurate
imputation of missing values and consequently resulting in
higher performance in probabilistic WPF. Additionally, we
have conducted additional experiments using varying amounts
of training data to evaluate performance of our deep learning-
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Fig. 8. Skill scores under different amounts of training data.

based method. Fig. 8 presents the skill scores of our method
using different amounts of training data, ranging from 20000
to 120000 samples. The results show significant improvements
in forecasting performance as the training data increases
from 20000 to 80000 samples. However, only marginal gains
are observed when the number of training samples exceeds
100000. This aligns with the empirical observation that the
test loss (indicated by the negative skill score) of deep learning
models tends to converge as the dataset size grows, following
the scaling law [55]. From this, we can conclude that our
method is data-efficient, and that two years of data (126144
training samples) is sufficient for effective model training and
forecasting.

4) Nonparametric Methods Demonstrate Superiority in
Multi-Step-Ahead Forecasts: The results from various meth-
ods in Table II demonstrate that skill scores decline (more
negative) as the forecasting step increases from one step to
twelve due to the growing difficulty of forecasting tasks as
the lead time extends, reflecting decreases in forecast accuracy.
Our end-to-end nonparametric method outshines its parametric
benchmark, i.e., Rec-LSTM and VAE, particularly in multi-
step-ahead forecasting scenarios, showcasing the highest skill
score. The observed performance degradation in Rec-LSTM
and VAE can be attributed to the challenges associated with
modeling probabilistic WPF in a parametric manner, especially
for multi-step-ahead forecasts. In such cases, the assumption
of Gaussian distribution for the multi-step-ahead probability
distributions of nonstationary wind power may not always
hold, leading to the limitations of Rec-LSTM in such s-
cenarios. Additionally, it is noteworthy that Autoencoder-
LSTM demonstrates skill scores more closely aligned with
those of Rec-LSTM as we increase the forecast steps from
one to twelve, further emphasizing the superiority of the
nonparametric method in modeling multi-step-ahead proba-
bilistic WPF. For AQR, it provides skill scores closest to
those of our proposed method, which can be attributed to its
end-to-end nonparametric structure. However, AQR does not
explicitly address the accuracy of missing data imputation.
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TABLE IV
IMPROVEMENT COMPARED WITH THE BEST ALTERNATIVE IN

TERMS OF SKILL SCORE

One-step-ahead
forecasts

Six-step-ahead
forecasts

Twelve-step-ahead
forecasts

+SSl 5.79% 6.70% 15.7%

+SSl denotes the ratio of the skill score of the best alternative
minus that of our proposal to the skill score of the corresponding
alternative.

Consequently, the imputation error in AQR may be difficult
to control, resulting in inferior performance compared to our
proposed method.

To sum up, our proposed method effectively integrates the
strengths of the nonparametric approach, end-to-end structure,
and deep learning, yielding a highly competitive performance
in probabilistic WPF with tolerance for missing data across
varying rates of absence. To show the efficacy of our proposal
more directly, we present the improvement in terms of the
overall skill score SSl compared to the best alternative in
Table IV, which elucidates significant improvements our end-
to-end nonparametric method brings in the ability to model
probabilistic WPF with integrated missing data handling es-
pecially in multi-step-ahead forecasts.

V. CONCLUSION

An end-to-end nonparametric approach for probabilistic
WPF with missing data tolerance has been designed in this
paper. In our presented method, missing data are continuously
imputed by probabilistic forecasting results, i.e., forecasted
medians. The forecast model is then trained with a revised loss,
encompassing both the error in missing data imputation and
the pinball loss computed from forecasted quantiles, in an end-
to-end manner. Numerical simulations validate the supremacy
of our method over other state-of-the-art counterparts, taking
into account conformance with real-world data and the width
of PIs. The key findings in our work include:

1) The proposed end-to-end nonparametric method demon-
strates the highest reliability, sharpness, and skill score
in probabilistic WPF across different data-missing sce-
narios. Notably, the performance of the forecast model
only experiences slight declines with increasing missing
rates.

2) End-to-end methods perform better compared to two-
phase methods.

3) Deep learning-based imputation techniques perform bet-
ter compared to machine learning ones.

4) Nonparametric methods demonstrate superiority in
multi-step-ahead forecasts.

In the future, we will develop our end-to-end nonparametric
method to probabilistic WPF considering outliers, which often
result from equipment malfunctions or measurement errors and
deteriorate the performance of deep learning-based forecast
models. Effective identification and recovery strategies can
be incorporated into the end-to-end nonparametric method to
mitigate the negative impact of outliers.
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