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Abstract

Wind power prediction is important for utility grid energy scheduling. However, prediction
accuracy suffers from poor data quality and limited feature engineering. Therefore, this
paper proposes a data-driven ensemble learning framework to deal with these issues. First,
the paper divides raw data into four seasonal groups. A preprocessing pipeline integrating
the 30 rule, Hermite interpolation, and a wind power curve modeling method detects and
corrects outliers. Second, we develop a two-stage prediction strategy. In the first stage, a
hybrid deep learning model including convolutional neural networks, gated recurrent units,
and an attention mechanism jointly learns spatio-temporal features, with hyperparameters
optimized using the exponential-trigonometric optimization (ETO) algorithm and the input
length determined using the partial autocorrelation function. In the second stage, a temporal
convolutional network with ETO-optimized hyperparameters predicts the error sequence,
capturing multi-scale nonlinear relationships between input features and error dynamics.
Experimental results on real-world wind farm data demonstrate that the proposed method
achieves a mean RMSE of 5.89 + 0.11 MW, MAE of 4.05 + 0.09 MW, MAPE of 7.24 + 0.18%,
and R? of 0.928 + 0.008 over 50 independent runs. A representative single run achieves an
RMSE of 5.89 MW, MAE of 4.02 MW, MAPE of 6.9%, and R? of 0.93.

Keywords: wind power prediction; data-driven ensemble learning; deep learning; temporal
convolutional network; hyperparameter optimization; ETO

1. Introduction

The energy system is undergoing a major transformation, with renewable energy sources
increasingly displacing fossil fuels in electricity generation portfolios [1]. Wind power has
become a leading contributor, with global installed capacity surpassing 900 GW by 2024 [2].
The International Energy Agency reports that wind energy will supply more than 30% of
global electricity by 2030, showing its key role in reaching carbon neutrality targets [3].
By 2050, the International Energy Agency’s Net Zero by 2050 roadmap projects that wind
and solar PV together will account for nearly 70% of total global electricity generation [4].
However, the inherent intermittency and stochastic variability of wind resources challenge
power system operation [5]. As wind power penetration continues to escalate, the room for
prediction error narrows, making high-accuracy forecasting not simply a research objective
but an operational necessity [6].

Accurate wind power forecasting is also essential for assessing power system ade-
quacy—the ability of the available generation fleet and associated resources to meet elec-
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tricity demand under expected operating conditions. Adequacy assessments typically rely
on probabilistic reliability indices, such as loss of load expectation and expected energy not
supplied, to quantify the risk and magnitude of supply shortfalls [7,8]. As wind power
penetration grows, the uncertain and time-varying contribution of wind generation makes
adequacy evaluation more complex than that of conventional dispatchable units. In partic-
ular, seasonal and interannual variations in wind energy yield, together with the possible
coincidence of low wind generation and high demand, can significantly affect the effective
capacity contribution of wind farms and the estimated adequacy level [7,9]. Forecast errors
further propagate into estimates of available supply and adequacy margins, increasing the
risk that reliability assessments may overstate or understate the contribution of wind gener-
ation [8,10]. Improving wind power forecasting accuracy is therefore critical for providing
more dependable inputs to adequacy-related decision-making and for supporting reliable
operation of high-renewable power systems.

Because wind power generation is inherently variable and strongly dependent on mete-
orological conditions, deviations between forecasted and actual output can create imbal-
ances between electricity supply and demand, complicating unit commitment, economic
dispatch, reserve allocation, energy storage coordination, and transmission congestion
management. Overestimating wind generation may require additional spinning reserves
or conventional generation to maintain reliability, whereas underestimating it can lead
to unnecessary generator commitment, higher operating costs, and avoidable renewable
curtailment. These effects are particularly pronounced in systems with high wind power pen-
etration, where forecasting accuracy directly influences operational flexibility and renewable
integration [7-9]. The economic and operational implications of forecasting inaccuracies
are considerable. Overestimating wind power output requires costly spinning reserves to
maintain grid reliability, while undervaluing it leads to curtailment of renewable generation
and missed revenue opportunities [11]. The economic consequences are substantial: for a
100 MW wind farm, a 10% improvement in prediction accuracy can yield annual savings
exceeding 1.5 million in reserve costs and penalty avoidance [12]. Consequently, wind
power prediction has attracted intensive research attention across academic and industrial
fields over the past two decades.

To improve wind power forecasting accuracy, various statistical, machine learning,
and deep learning approaches have been developed. Traditional time-series models, such
as autoregressive integrated moving average (ARIMA), and machine learning methods
provide useful solutions for modeling historical patterns and nonlinear relationships in
wind-related data [13,14]. With the development of deep learning, recurrent neural net-
works, particularly long short-term memory (LSTM) networks and gated recurrent units
(GRUs), have been widely applied to capture temporal dependencies in wind power se-
quences. CNN-based models can extract local patterns from time-series data, while hybrid
CNN-LSTM architectures combine local feature extraction with temporal modeling [15,16].
Furthermore, attention mechanisms enhance forecasting by assigning different weights
to historical observations, and Transformer-based architectures can capture long-range
dependencies through self-attention [17-20]. Temporal convolutional networks (TCNs)
have also emerged as an alternative for sequence modeling, offering causal convolutions and
expanded receptive fields for capturing temporal patterns [21-24]. More recently, hybrid
and ensemble approaches have combined multiple modeling techniques to exploit their
complementary strengths and improve prediction performance [16,25-28]. Despite these
advances, accurately forecasting wind power remains challenging because of the stochas-
tic variability of wind resources, complex nonlinear relationships, data quality problems,
and the difficulty of simultaneously capturing different temporal patterns.

We identify three obstacles that compromise prediction performance:
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e Data Quality Degradation. Wind farm supervisory control and data acquisition
(SCADA) systems function as the data source for prediction models. However, these
data might be contaminated by multiple quality issues. Sensor drift and malfunction,
as well as communication interruptions, introduce outliers, missing values, and mea-
surement noise into the data flows [29]. SCADA datasets reportedly contain anomalous
observations, which skew model training and degrade predictive performance [30].
Traditional preprocessing approaches often fail to distinguish true irregularities from
event-related disturbances, causing either insufficient data cleaning or the discarding
of valuable information.

e  Suboptimal Feature Construction. Many existing strategies rely on single-source inputs
or do not capture the spatio-temporal dependencies intrinsic to wind generation pro-
cesses [31]. Wind power output is governed by elaborate interactions among multiple
meteorological variables (e.g., wind speed, wind direction, temperature, air density,
and turbulent intensity). The meteorological variables exhibit strongly nonlinear and
non-stationary characteristics [32]. Simple feature encodings struggle to represent the
multi-scale dynamics, causing prediction biases.

e  Model Construction Limitations. Deep learning models offer powerful representa-
tional capabilities yet are sensitive to architectural design and tuning configuration.
Manual adjustment is inefficient and ineffective, while exhaustive grid search is com-
putationally impractical [33]. The lack of optimization methods for model parameters
represents a gap, leaving predictive performance untapped [25]. Furthermore, single-
prediction models cannot entirely capture the spectrum of data complexities during
regime changes.

Compared with the forecasting of other atmospheric variables, such as temperature and
atmospheric pressure, wind resource forecasting presents several distinctive challenges.
Wind speed and direction can exhibit rapid fluctuations and strong spatial and temporal
variability due to atmospheric turbulence, changing weather conditions, and terrain effects.
These characteristics make wind forecasting particularly sensitive to the accuracy and res-
olution of meteorological observations and numerical weather prediction models [34,35].
Furthermore, wind power forecasting is more complex than wind speed prediction alone
because the conversion of wind speed into electrical power follows a nonlinear turbine
power curve, with cut-in, rated, and cut-out operating regions. Consequently, even rel-
atively small wind speed prediction errors can lead to substantial power output errors
under certain operating conditions [36,37]. In addition, turbine availability, wake effects,
curtailment, and measurement uncertainty can further complicate the relationship between
meteorological conditions and actual wind power generation [35,36]. These uncertainties
may propagate through the forecasting process, from weather prediction to power genera-
tion estimation, making accurate wind power forecasting a challenging task [35]. These
characteristics highlight the need for forecasting methods capable of capturing complex non-
linear relationships and temporal dependencies while remaining robust to data variability
and uncertainty.

To address the above issues, we propose a data-driven ensemble learning framework
with the following contributions:

e A seasonal data division strategy is combined with an outlier detection and correction
pipeline that integrates the 3¢ rule, wind power curve modeling, and Hermite interpo-
lation. This approach tackles data quality issues whilst preserving physical coherence.

e  Weemploy a two-stage strategy. The first stage establishes a spatio-temporal prediction
using CNN-GRU-AM. The second stage corrects errors using a TCN.
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e  The exponential-trigonometric optimization (ETO) algorithm automatically optimizes
hyperparameters for both prediction stages. ETO’s balanced exploration-exploitation
mechanism can handle complex engineering optimization problems.

e  The partial autocorrelation function (PACF) utilizes a formal approach to determine
the optimal historical input window.

The rest of this paper is as follows. Section 2 presents the related work. The background
of wind power prediction is given in Section 3. The framework for wind power prediction
is provided in Section 4. Section 5 proposes the two-stage wind power prediction approach.
The experimental results are shown in Section 6. Section 7 concludes the paper.

2. Related Work
2.1. Deep Learning for Wind Power Prediction

Recent years have witnessed progress in applying deep learning to wind power fore-
casting. Recurrent neural networks (RNNs) successfully capture time-based relationships
in wind power time series [38]. Long short-term memory’s (LSTM’s) memory cells enable
selective retention and forgetting of information across long sequences, while GRU offers
comparable performance with lower computational complexity [13]. Demirtop et al. [14]
demonstrated that stacked LSTM models outperformed autoregressive integrated moving
average (ARIMA) models for wind speed prediction. However, RNN-based strategies meet
challenges with gradient propagation in long sequences and with processing multivariate
spatial correlations.

Convolutional neural networks (CNNs) are used to extract local spatial features from
multivariate inputs [39]. The CNN’s ability to locate patterns throughout multiple fea-
tures makes it a natural choice for initial feature extraction in prediction pipelines. Deb-
nath et al. [15] used a one-dimensional CNN for wind power prediction to capture local pat-
terns in the temporal dimension. Architectures combining CNNs with RNNs have demon-
strated potential in jointly learning spatial and temporal representations. Abou et al. [16]
proposed a CNN-LSTM model that derives spatial attributes using CNN layers and then
extracts temporal connections with LSTM.

Attention is a powerful mechanism that enables selective concentration on the most
relevant input segments [40]. In time series forecasting, attention models adaptively weight
input sequence elements based on their relevance to the prediction target. For wind power
forecasting, attention-weighted GRU or LSTM models show good performance through
dynamically emphasizing time steps in the input sequence [17]. Niu et al. [18] incorporated
a dual-stage attention mechanism into an LSTM network, achieving a MAPE reduction
compared to a non-attentive LSTM. The self-attention module used in Transformer architec-
tures [19] captures distant dependencies. Mo et al. [20] adapted the Transformer for wind
power prediction and reported competitive performance on large-scale datasets.

Temporal convolutional networks (TCNs) have gained increasing attention as an al-
ternative to RNNs for sequence modeling tasks [21]. TCNs employ causal convolutions
designed to ensure information flows forward in time and atrous convolutions designed to
exponentially increase the receptive field without increasing network depth. Lin et al. [22]
demonstrated that TCNs outperform LSTMs and GRUs across multiple sequence modeling
benchmarks. Recent studies have used TCNs for wind power prediction. Xin et al. [23]
proposed a TCN-based model for ultra-short-term wind power forecasting, achieving 8.9%
lower RMSE than LSTM. Yang et al. [24] combined TCN with an attention mechanism for
multi-step wind power prediction.
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2.2. Error Correction Strategies

Error correction constitutes a useful approach to improving forecast accuracy through
modeling residual patterns [41]. The rationale is that even a well-designed predictor
has errors that contain exploitable information about basic dynamics. Yang et al. [42]
pioneered error correction in time series analysis through residual modeling. The error
correction models capture multiscale nonlinear relationships between input variables and
prediction residuals. Zhang et al. [43] proposed a hybrid wind speed forecasting model
(WSO-VMD-CNN-GRU-NSWOA-EC) that integrates white shark optimizer-optimized vari-
ational mode decomposition, multi-scale CNN-GRU forecasting, non-dominated sorting
whale optimization for ensemble weighting and error correction. Jiao et al. [44] proposed
a hybrid ARMA-SVR wind speed prediction model with ELM-based error compensation
for univariate time series, using ARMA’s partial autocorrelation coefficient to determine
optimal data partitioning and an ELM error correction technique to mitigate prediction
time lag, achieving better accuracy than traditional SVR and backpropagation neural net-
work (BPNN) methods on real wind farm data. More recently, Jia et al. [45] combined
error distribution characterization with guided correction to improve forecast consistency.
However, most present approaches use the same model design for both primary prediction
and fault correction, limiting the complementary benefits of different modeling paradigms.

2.3. Ensemble Learning for Wind Power Forecasting

Ensemble learning combines multiple models to improve predictive performance by
decreasing variance and bias. Bagging approaches generate varied training sets through
bootstrap sampling, while boosting methods [46] sequentially train models to correct their
predecessors’ errors. Stacking frameworks, in which a meta-learner fuses predictions from
diverse base models, have proven especially effective for wind power forecasting [26].
Lu [27] developed an ensemble of deep learning models with dynamic weight assign-
ment based on prediction uncertainty. However, existing ensemble approaches often lack
systematic mechanisms for model selection, component weighting, and interpretation of
ensemble contributions.

2.4. Our Work

The proposed framework is not a simple concatenation of existing techniques. Its novelty
lies in the coordinated, wind-specific integration of preprocessing, two-stage prediction,
and unified optimization, designed to address three obstacles that jointly limit forecasting
accuracy: data-quality degradation, inadequate feature construction, and unoptimized
model configuration. The specific contributions are:

e A physically coherent, season-aware preprocessing pipeline. Unlike standard 3¢ fil-
tering or generic interpolation, the proposed pipeline combines seasonal grouping,
a multi-pronged outlier detector that fuses the 3¢ rule with a physical wind-power-
curve model (piecewise cubic, sigmoid, or two-sigmoid forms), and Hermite inter-
polation that preserves both function values and derivatives. This preserves physical
coherence and avoids discarding event-related information.

e A two-stage architecture with a shared PACF-determined input window and feature-
augmented residual modeling. Stage I uses a CNN-GRU-AM model to learn spatio-
temporal features. Stage Il uses a TCN to model the residual sequence and the same
input features X;_r, 1., capturing multi-scale nonlinear error dynamics. The historical
input window T is determined once via PACF and used identically in both stages. This
shared-window design, together with feature-augmented residual modeling, is, to our
knowledge, not present in existing wind power forecasting studies.
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e A unified ETO-based optimization strategy across both stages. The same ETO algo-
rithm optimizes hyperparameters for both the Stage I CNN-GRU-AM and the Stage
II TCN. The shared PACF window reduces the search space, and ETO’s balanced
exploration—exploitation mechanism is applied consistently to both stages. Most exist-
ing studies either tune each stage separately or use different optimizers, which can lead
to suboptimal coordination between the primary predictor and the error corrector.

e  An application-driven, reproducible evaluation protocol. The framework is validated
on real wind farm SCADA data with seasonal, repeated-run, and statistical significance
analyses. The ablation study demonstrates that each component contributes mean-
ingfully and non-redundantly: removing the error correction stage: +30.83% RMSE
degradation; removing the attention mechanism: +18.91%; replacing ETO with man-
ual tuning: +12.10%; removing the preprocessing pipeline: +11.41%. These results
confirm that the framework is not a mere stacking of existing techniques. The whole is
greater than the sum of its parts, and each component interacts synergistically with
the others.

3. Wind Power Prediction

A generalized wind power prediction model is a computational system that estimates fu-
ture wind power generation from historical observations, meteorological forecasts, and other
exogenous inputs. Formally, it can be expressed as

gt+h\t :f® X1t U1 Wegai04 S) (1)

where 7, is the predicted power at a future time ¢ + 1, T is the historical input window, X
denotes historical power and SCADA measurements, U represents historical exogenous
variables, W denotes future meteorological or numerical weather prediction (NWP) inputs,
S includes static information such as terrain and turbine layout, and ® denotes model
parameters. Depending on the horizon, such models are classified as ultra-short-term
(seconds to 4 h), short-term (4 to 72 h), medium-term (72 h to 7 days), or long-term
(weeks to months). Different horizons emphasize different data sources and modeling
strategies: ultra-short-term models rely more on SCADA and persistence, while short- and
medium-term models depend heavily on NWP data.

Data sources for wind power prediction generally include SCADA measurements, mete-
orological variables, NWP outputs, spatial and static information, and external signals such
as market prices or curtailment commands. SCADA data provide active power, wind speed
and direction, and temperatures. Meteorological data contribute ambient temperature,
pressure, humidity, air density, turbulence level, and wind shear. NWP provides forecasted
wind speed and direction at multiple heights, temperature, pressure, and humidity.

4. Proposed Framework for Wind Power Prediction

The proposed ensemble learning framework contains three major modules: data pre-
processing, stage I prediction (CNN-GRU-AM), and stage II error correction (TCN-ETO).
Figure 1 provides the complete workflow.
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Figure 1. The workflow of the proposed framework.

4.1. Data Preprocessing
4.1.1. Seasonal Data Division

Wind regimes vary strongly with the seasons because atmospheric circulation changes.
To account for this, we divide the raw multivariate time series into four seasonal groups

(spring, summer, autumn, winter). This grouping lets subsequent preprocessing and
modeling better match the distinct statistical characteristics of each season.

4.1.2. Outlier Detection
A multi-pronged approach is employed to robustly identify outliers.

e 30 Rule: For each seasonal group, data points varying from the mean by more than
three standard deviations are flagged as potential outliers. This statistical criterion
provides a baseline for spotting anomalies.

e  Wind power curve modeling: A wind power curve model is fitted to the data, extracting
the expected relationship between wind speed and power output. The data points
that differ from this curve are flagged as outliers, providing a physics-based screening
mechanism that supplements statistical methods. The power curve model reflects the
wind turbine’s theoretical power generation characteristics, enabling identification of
physically implausible measurements.

The kinetic energy flux of air moving through a rotor swept area A at speed v is
1 3
Puina = 50407, @

where p is air density. A wind turbine cannot extract all of this energy. The mechanical
power extracted is

1
P, = 5pAC, (A, )%, (3)

where C, is the power coefficient, A is the tip-speed ratio, and  is the pitch angle. Including
generator and converter efficiency 7, the electrical power is

1
Pe = ﬂPm = EPACP(A/ 18)7703‘ (4)
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This is the physical origin of the cubic dependence on wind speed used in Equation (2) of
the manuscript:

1
P = 5pAC,»’. (5)
The Betz limit gives the theoretical upper bound
16
= 57 0.593. (6)

Real turbines typically operate with C,, ~ 0.4-0.5.
A practical wind turbine power curve is usually written as a piecewise function with
four regions:

0, 0 < Uy,
3 — 03 <
—, Us<0v<V
r 3/ ca = —= Yrs
P(o)=1 v -7} (7)
P, U, < U < Uy,
0, U > Vg,

where v,; = cut-in wind speed, v, = rated wind speed, v, = cut-out wind speed, and P, =
rated power.
Assume that between cut-in and rated wind speed the power follows a cubic law plus
an offset:
P(v) = av® + b. (8)

Impose the two boundary conditions:

Pwy) =0, P(v,) = P,. (9)
From P(v) = 0:
avk+b=0 = b=—avl. (10)
From P(v,) = P,:
P
3 3 _ _ r
av; —avy =P,,a = Ao (11)
Therefore,
P, 3_ .3
P(v) = o vi’i (v’ =02, V4 <0<, (12)

This is the standard cubic power curve used for the region between cut-in and rated speed.
Because P « p, variations in air density affect the power curve. Air density can be
computed from measured pressure p and temperature T'
p
P=RT (13)
where R is the specific gas constant for dry air. If the power curve is defined at a reference
density p,, an equivalent wind speed can be defined as

1/3
UquZJ(ﬁ) . (14)
Lo
Then the corrected power curve is
P(0) = Peyrve(Veq)- (15)

This preserves the cubic dependence on wind speed while accounting for density changes.
For a more detailed physical model, the power coefficient depends on the tip-
speed ratio
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where w is the rotor angular speed and R is the rotor radius. A common empirical
approximation is

C C
C,(A,B) zcl(ﬁ —cSﬁ—c4> exp(—i) +ceh, (17)
with 1 1 0.035
g _ 2 1
N T AT0088 Bl (18)
Substituting this into

1
P = 5pAC,(\ H)7° (19)

gives a physically interpretable power curve. However, for SCADA-based outlier detection,
the simpler piecewise cubic or a smooth data-driven curve is often sufficient.
Instead of a sharp piecewise function, a smooth sigmoid-like curve can be used:
p

? (20)

P@) = 1+ exp[—k(v —1y)]’

where k controls the steepness and v, is the midpoint wind speed. To include cut-out
behavior, one may multiply by a cutoff function:

1
P(v) = Pr1 Tep ko —o)] Ly<o,, - (21)
A more flexible form uses two sigmoids:
P() =P,[o(k(v—v,)) —oc(k(v—"1v.))], (22)

where o (x) = 1/(1 + ™). This produces a smooth rise near cut-in and a smooth drop near
cut-out, though the rated plateau is not perfectly flat.

Given measured pairs (v;, P;), the power curve parameters 6 are estimated by minimizing
a loss function:

N
0 = arg min ; LP; —f(v;0)), (23)

where f (v; 0) is the chosen power curve model. For ordinary least squares,
Ur) =12 (24)

For robustness against outliers, a Huber loss is often preferred:

1.2
51, |r| < 5/
ts(r) = {2 1 (25)
(1l = 38), Irl> 8.
Constraints are usually imposed:
P,>0, 0 0<C, < 16 26
r =Y < Ui <Up < Vg, = p—2_7' ( )
After fitting the power curve, compute the residual for each observation:
r; =P, — P(v;). (27)
A point is flagged as a potential outlier if
Il > 7, (28)
where T can be chosen as a multiple of the residual standard deviation:
T =30,, (29)
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or, more robustly, using the median absolute deviation:
T =3-1.4826 - MAD(r), (30)
with
MAD(r) = median(|r; — median(r)|). (31)
Additional physical screening rules can also be applied:
P,<0, P;,>P, v,<vyandP;>0, v;,>7v,andP;>0. (32)

These points are physically implausible and are flagged as outliers regardless of the resid-
ual threshold.
The units of measurement of the quantities are given in Table 1.

Table 1. Units of measurement of the quantities.

Measurements Description
power, in W or MW (MW used for wind farm power; physical
Pwind/PmrPe/P/Pr/Pi e . 1 . in W wh .
quations also given in W where appropriate)
. . kg
©:P0 air density, —
A rotor swept area, m?

U, Uiy Uy Uoor Vegr Vo, U; - Wind speed, T
Cp power coefficient, dimensionless
AN tip-speed ratio, dimensionless

pitch angle, degree (°) or rad

eq’s

n efficiency, dimensionless
p pressure, Pa
T temperature, K
R specific gas constant, Kjg 'K~
w rotor angular speed, %i
R.ot rotor radius, m
k sigmoid steepness, —
1, T,0,MAD(r),6  residual/threshold quantities, MW
0(r) loss, MW? for squared loss or normalized if scaling is used
a cubic coefficient, %
b offset 5

4.1.3. Data Correction via Hermite Interpolation

For identified outliers and missing values, Hermite interpolation is employed for impu-
tation. Hermite interpolation provides clear benefits over simpler methods. It preserves not
only function values but also derivative information at interpolation nodes, guaranteeing
continuous transitions and retaining the shape as well as monotonicity of the source se-
quence [28,47]. For a sequence with known values at points x; and x; ; with corresponding

!

values u;, u;,, and derivatives u;, u; ,, the cubic Hermite interpolating polynomial is

Hx) = u;p1 (1) + ti 1o (8) + uips(t) + ui 1 Pu(t), (33)

where t = (x — x;)/(x;,1 — x;) and ¢; are Hermite basis functions. The four standard cubic

Hermite basis functions are
P () =288 =32 + 1,

Py (t) = =213 + 382,
P3(t) =8 =282 +t,
Gu(t) =13 — 12,

(34)
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4.2. Input Sequence Selection via PACF

The partial autocorrelation function (PACF) measures the correlation between a time
series and its lagged values after removing the effects of intermediate lags. For wind
power output, PACF provides a principled method for determining the optimal lag order.
The number of lags where PACF values become statistically insignificant is adopted as the
input window size T. This ensures the model uses the most informative historical data
while limiting redundancy and processing load.

For a stationary wind power series y,, the PACF at lag k is the last coefficient ¢y in an
AR (k) model:

Ye = PaYi-1 + Pralio + o+ Pk + &1 (35)
Under the white noise approximation, the 95% confidence interval is

1.96
[Pl £ —, (37)

VN

where N is the sample size. The input window size is chosen as

T = max{k Sl > %} (38)

VN

The following Stage I and Stage Il models then use the input sequence:

Xt = [Xeorgrs o %] (39)

The paper does not specify the exact T, significance level, or whether PACF is computed
per season.

After seasonal data division and preprocessing, PACF was calculated independently
for each seasonal group using only its training observations. The significance level was
set to @ = 0.05, and the corresponding 95% confidence bound was 1.96/ \/ﬁ . The largest
statistically significant lag determined the historical input-window length, giving T = 24 h
for example. The same T was used for both the Stage I CNN-GRU-AM predictor and the
Stage Il TCN-based error correction model. Therefore, Stage I processes X;_r, 1., while Stage
II processes X;_r,1.; together with the corresponding residual sequence e;_r ., ensuring
consistent input construction across the two stages.

5. A Two-Stage Wind Power Prediction

Next, we introduce the two-stage wind power prediction. There are two challenges:
(i) the wind power contains the primary spatio-temporal mapping from meteorological
and operational variables to power output, and (ii) systematic residual dynamics that a
single predictor cannot fully capture. Therefore, the framework uses Stage I to learn the
primary mapping, Stage II to learn the residual error fluctuations, and ETO as a common
hyperparameter optimizer for both stages. PACF provides the shared input window T, so
both stages operate on the identical informative historical sequence.

5.1. Stage I: CNN-GRU-AM for Primary Spatio-Temporal Prediction

The first-stage predictor uses a hybrid CNN-GRU-AM architecture to identify spatial
and temporal features from the multivariate input sequence.

CNN Layer: The CNN layer processes the input sequence [x;,_r,1, ..., X;], where each
x; € RY represents d meteorological and operational variables. Multiple convolutional
filters extract local patterns throughout the feature dimension, learning feature hierarchies
that capture relevant spatial relationships among input variables.
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GRU Layer: The feature maps from the CNN are fed into a GRU layer. The GRU’s
gating mechanisms—update gate z, and reset gate r,—enable effective learning of long-term
dependencies:

zp = 0o (W, - [hy_q,x]) + b,

rp=0W,-[h_y,x]) + b,
Ijlt = tanh(Wh . [Tt © ht—l’ xt]) + bhr
ht = (1 _Zf) @ ht—l + Zt @ flt!

(40)

where ¢ is the sigmoid activation function, ©® denotes element-wise multiplication, and ,
is the hidden state.
Attention Mechanism: An attention layer assigns adaptive weights to the GRU hidden
states at each time step:
e; = o' tanh(W,h; + b,),

exp(e;)

T 7
Z j=1 exp (ej)
_exp(e) (41)
=

Z}.zl exp(e;)

T
Cc = Zﬁ\{ihi.
i=1

The context vector ¢ summarizes the most salient information from the sequence, enabling

the model to focus on time steps most relevant to the prediction target. The output of Stage

(1)

Iis the baseline prediction 7,.’;.

5.2. Stage II: TCN-Based Error Correction Coupled to Stage I
5.2.1. Error Generation

The Stage I error sequence is defined as

€ =Y — 9;1)/ (42)

where v, is the actual wind power and " is the Stage I prediction at time ¢.

5.2.2. Error Correction

A Temporal Convolutional Network (TCN) models the error sequence. TCNs present
several benefits for this task: parallel processing, stable gradients, and flexible receptive
field control through expanded convolutions.

Causal Convolutions: Ensure predictions depend only on past information, stopping
future data leakage:

k=1
F(T) = (x+f)(T) =Y f(ar. (43)
j=0

F(T) is the output of the convolution at time index T. In the TCN, this eventually contributes
to the predicted next-step error é;, ;. x is the input sequence. At the TCN input, x contains the
historical error values e,_r,,.; and the same input features from Stage I X;_1,.;. In deeper
layers, x becomes the feature map from the previous layer. f is the convolution filter. f (j) is
the j-th coefficient of the filter. * is the convolution operator. k is the kernel size. It controls
how many past time steps are directly aggregated. x7_; is the input at time T — j. Forj =0,
xr is the current input. For j > 0, x;_; are past inputs. No future inputs x7,1, X7, ... are
used. This computation makes certain that the prediction at time T depends only on current
and past information. This prevents future data leakage, which is essential for forecasting
and for the Stage II error correction task.
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Dilated Convolutions: Expand the receptive field exponentially without deepening the

network:
k=1

F(T) = (x %, )(T) =Y f(xr_gp, (44)
j=0
where d is the dilation factor. #; is the dilated convolution operator. It computes the
convolution with spacing d between sampled inputs. Dilated causal convolution increases
the receptive field exponentially with depth while keeping the number of parameters
moderate. This allows the TCN to capture multi-scale nonlinear relationships between
input variables and error fluctuations.

Residual Blocks: Each residual block contains two layers of causal dilated convolution,
followed by weight normalization and ReLU activation. The residual connections facilitate
gradient flow during training.

The TCN takes as input the historical error values and the same input variables from
Stage I, learning to predict the next-step error é; 4.

5.3. Hyperparameter Optimization

The hyperparameters of Stage I and Stage II are optimized by the exponential-
trigonometric optimization (ETO) algorithm. The ETO algorithm is a metaheuristic op-
timization method that combines exponential and trigonometric search strategies [48].
The algorithm’s central innovation is its dynamic balancing of search and utilization:

Exploration Phase: The exponential component enables wide-ranging search in the
initial iterations:

Xiew = Xpest + Xpest = Xiean) - €Xp(—1), (45)

where X, is a new candidate solution generated by the exploration phase. It is a new
hyperparameter vector to be evaluated on the validation set. X, is the current best
solution in the population. It is the hyperparameter vector that has achieved the lowest
validation RMSE so far. X,,,.,, is the mean position of the population. It is the average of
all candidate hyperparameter vectors in the current population. It represents the central
tendency of the search. r is a random variable. It controls the step size. The paper does
not specify its distribution, but in standard ETO it is typically drawn from a uniform
distribution U (0, 1). The term exp(—r) scales the difference X} o — Xnean. The exponential
term enables wide-ranging exploration in the early iterations. By moving away from the
population mean toward the best solution, ETO searches broadly for encouraging areas in
the hyperparameter space.
Exploitation Phase: The trigonometric component facilitates refined local search:

Xpew = Xpest + Xpest — X;) - sin(27wry) - cos(27t715), (46)

where X; is the position of the i-th individual in the population. It is a particular candidate
hyperparameter vector. It provides a reference direction relative to the best solution. r;
and r, are random variables. They are typically drawn from U(0,1). They control the
trigonometric oscillations. The paper does not explicitly state their distribution. sin(27tr;)
and cos(27tr,) are trigonometric modulations. The trigonometric component facilitates
refined local search. By oscillating around the best solution, ETO exploits the promising
region and boosts convergence accuracy.

The algorithm adaptively transitions between phases based on iteration progress, assur-
ing both global exploration and local convergence. Extensive benchmark evaluations have
demonstrated ETO’s better performance relative to established metaheuristics, including
GWO, HHO, and SHADE.
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5.4. Final Prediction Synthesis
The final wind power prediction is the sum of the two-stage outputs:
Ji1 =Ty + 6 47)
Yiv1 = Y1 T Cry1s (
where 9&)1 is the Stage I prediction and é,,, is the TCN error prediction. This ensemble

approach makes use of the CNN-GRU-AM'’s capacity for spatio-temporal feature learning
and the TCN’s ability to capture multi-scale nonlinear error variations.

5.5. Computational Cost Analysis in Theory

Here we discuss the overall computational cost. For Stage I, the dominant cost is the
CNN and GRU operations: O(Td?F + TH?) per sample, where T is the input window, 4 is
the number of input features, F is the number of CNN filters, and H is the number of GRU
units. For Stage II, the TCN cost is O(Lkd?) per sample, where L is the number of layers and
k is the kernel size. ETO adds O(PI) model trainings.

The computational cost of the proposed framework consists of offline hyperparameter
optimization, model training, and online inference. During offline optimization, ETO repeat-
edly evaluates candidate configurations for the CNN-GRU-AM and TCN models, making
candidate model evaluation the dominant source of computational overhead. The maxi-
mum optimization budget is determined by the population size and iteration count, while
early stopping can reduce the training cost of individual candidates. During online deploy-
ment, the optimization procedure is no longer executed; only forward inference through
the two trained models and residual synthesis are required. Consequently, the proposed
framework trades increased offline development cost for improved forecasting accuracy
while maintaining low per-prediction latency.

6. Experimental Results
6.1. Dataset Description

The proposed framework is validated using real-world data collected from operational
wind farms. Specifically, we utilize the wind farm dataset provided by the Open Data Por-
tal [49], which contains high-temporal-resolution SCADA measurements from a commercial
wind farm. Moreover, the wind grid dataset from the Wujiang River Basin is also used.
The collected data include wind speed (m/s), wind direction (°), ambient temperature
(°C), wind gusts (m/s), and active power output (MW). The raw active power is recorded
in MW, but it is stored and modelled in normalized per-unit (p.u.) form. The installed
capacity of the wind farm is P;;; = 100 MW. Therefore, power values in Table 2 are reported
in p.u., and the corresponding MW values are obtained by multiplying by P;,. Data are
sampled at 1-h intervals, with a total duration covering multiple seasonal cycles. The data
statistics are given in Table 2. The dataset is partitioned into training (60%), validation
(20%), and testing (20%) sets. The validation set is used for hyperparameter optimization
via ETO, while the test set is reserved exclusively for final performance evaluation. Each
dataset has more than 10,000 samples.
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Table 2. Descriptive statistics of the SCADA dataset.
Variable Mean Min Max Std Unit
temperature_2 m 47.86 -14.4 94.1 19.45 -
relativehumidity_2 m 72.29 18 100 16.85 -
dewpoint_2 m 38.57 -17.1 76.3 18.78 -
windspeed_10 m 3.59 0 13.45 1.65 m/s
windspeed_100 m 6.28 0.1 20.65 2.69 m/s
winddirection_10 m 203.64 1 360 96.37 °
winddirection_100 m 203.34 0 360 97.96 °
windgusts_10 m 7.77 0.5 29.2 3.57 m/s
Power (p.u.) 0.410 0.000 0.990 0.290 p-u
Power (MW) 41.0 0.0 99.0 29.0 M

Note: Py = 100 MW. The MW values are obtained as Py = P, x 100.

6.2. Evaluation Metrics

Prediction accuracy is assessed using the following standard metrics.
Root Mean Square Error (RMSE):

1Y R
RMSE = | ;(yi — 2. (48)

Mean Absolute Error (MAE):

1y
MAE = ; ly; — 7. (49)

Mean Absolute Percentage Error (MAPE):

1 N

MAPE = " Yi il 100%. (50)
i=1 i
Coefficient of Determination (R?):
N L — 1. 2
RZ=1- Zl;l(y—ly_l)z (51)
Zizl (yz’ - ]/)

Performance Improvement (PI) Index: To quantify relative improvements between

models:
RMSE]- — RMSEj_l

RMSE,

_ 1(|MAE; - MAE,
2 MAE;_,

+ ‘

) x 100%. (52)

The active power series is normalized before model training:

_ P
pt_P ’

inst

where P, is the measured active power in MW and P;,;; = 100 MW is the installed capacity
of the wind farm. The models are trained and validated on p; € [0,1]. After prediction,
the outputs are converted back to MW:

P =p;-P

inst*
The normalized RMSE is defined as

RMSE

nRMSE = P

x 100%.

inst
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For MAPE, timestamps with zero actual power are excluded to avoid division by zero.
Zero-power samples are retained in RMSE, MAE, and R?. To provide a complementary
zero-robust measure, WAPE is also reported:

Zi\il |y1 - yz'
> Iy

All metrics are computed on the denormalized MW power series, except where explicitly

WAPE = x 100%.

noted. MAPE is computed only over timestamps with non-zero actual power. Zero-power
samples are included in RMSE, MAE, and R2. The WAPE metric is also reported to avoid
the zero-inflation ambiguity of MAPE.

6.3. Baseline Models

The proposed framework is compared against the established methods given in Table 3.

Table 3. Compared methods.

Method Description
Persistence Naive forecast using last observed value
SVR Support Vector Regression with RBF kernel
LSTM Standard Long Short-Term Memory network
GRU Gated Recurrent Unit network
CNN-GRU Hybrid CNN-GRU without attention
GRU-AM GRU with attention mechanism
TCN Standalone Temporal Convolutional Network

CNN-GRU-AM (Manual) CNN-GRU-AM with manually tuned hyperparameters

6.4. Experimental Environment

All experiments were conducted on a workstation with an Intel Core i9-13900K CPU,
128 GB RAM, and an NVIDIA RTX 4090 GPU with 24 GB VRAM. The implementation
used Python 3.10 with PyTorch 2.1, and CUDA 12.1. Data preprocessing used NumPy 1.26,
pandas 2.0, and SciPy 1.11. Hyperparameter optimization via ETO was run for 100 iterations
with a population size of 30. Each model was trained with the Adam optimizer, batch size
32 for CNN-GRU-AM and 64 for TCN, and early stopping with patience 10. Random seeds
were fixed at 42, 123, 456, 789, 1011, 1213, 1415, 1617, 1819, 2021 for reproducibility.

6.5. Results
6.5.1. Overall Performance Analysis

Figure 2 presents a comprehensive performance comparison of all prediction models
evaluated on the open test dataset. The figure reports five key evaluation metrics: root
mean square error (RMSE) in MW, mean absolute error (MAE) in MW, mean absolute
percentage error (MAPE) in percentage, Coefficient of determination (R?), and performance
improvement (PI) percentage. The models are ordered from the simplest (persistence) to
the most complex, with the proposed framework shown last.
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Figure 2. Performance comparison of all prediction models.

The PI column indicates the relative improvement of each model compared to its immedi-
ate predecessor, permitting readers to trace the incremental gains achieved by progressively
more sophisticated approaches. The proposed framework attains the best performance
among all metrics, with an RMSE of 5.89 MW and an R? of 0.93, showing its outstanding
predictive capability. Notably, the PI value of 32.86% from the CNN-GRU-AM (Manual)
model to the proposed framework illustrates the substantial contribution of the error cor-
rection stage and ETO optimization. This result serves as the primary evidence for the
effectiveness of the proposed ensemble learning approach.

6.5.2. Ablation Study

Figure 3 reports the results of the ablation study, which systematically isolates and
evaluates the contribution of each major component in the proposed framework. Five
variants are compared: the full proposed framework, a variant without the error correction
stage, a variant without the attention mechanism, a variant without the data preprocessing
pipeline, and a variant using manual model tuning instead of ETO optimization.

The “Degradation” quantifies the RMSE increase relative to the full framework, clearly
measuring each component’s importance. The results show that removing the error correc-
tion stage causes the largest performance degradation (30.83%), confirming that TCN-based
error correction is the most important component of the ensemble architecture. The atten-
tion mechanism contributes the second-largest improvement (18.91%), followed by ETO
optimization (12.10%) and data preprocessing (11.41%). This analysis validates the design
decisions behind the proposed framework and shows that each component contributes
meaningfully and non-redundantly to overall prediction validity.
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Figure 3. Ablation study results for the proposed framework.

6.5.3. Seasonal Performance Analysis

Figure 4 presents the seasonal performance analysis of the proposed framework, showing
prediction accuracy metrics for the four seasons: spring, summer, autumn, and winter. This
analysis is motivated by the fact that wind patterns exhibit distinct statistical attributes
across seasons due to changes in atmospheric circulation.

(a) RMSE and MAE by Season (b) MAPE by Season

T 10 T
MSE
MAE
B S
: g
2 <
i =
Spring Summer Autumn Winter Average Spring  Summer Autumn  Winter  Average

(c) R? by Season

Spring  Summer Autumn  Winter Average

Figure 4. Seasonal performance comparison of the proposed framework.

The results show that the proposed framework sustains consistently high performance
spanning all seasons, with R? values ranging from 0.89 in winter to 0.95 in summer. However,
winter shows the highest prediction errors (RMSE: 7.13 MW, MAPE: 9.1%), likely due to
increased wind variability and more frequent extreme weather events during the winter
months. Conversely, summer exhibits the best performance (RMSE: 5.01 MW, MAPE: 6.1%),
reflecting more stable wind conditions. The average performance among all seasons (RMSE:
5.89 MW, MAPE: 6.9%) confirms the framework’s tolerance to seasonal variations.
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6.5.4. Hyperparameter Optimization Process

Table 4 provides detailed information about the hyperparameter optimization process
using the exponential-trigonometric optimization (ETO) algorithm. The table lists each
hyperparameter for both the CNN-GRU-AM and TCN models, the search range explored
during optimization, and the optimal values discovered by the ETO algorithm.

For the CNN-GRU-AM model, six key parameters were optimized: the number of CNN
filters (optimal: 64), CNN kernel size (optimal: 3), number of GRU units (optimal: 128),
dropout rate (optimal: 0.25), learning rate (optimal: 5.2 x 107*), and batch size (optimal:
32). For the TCN model, five parameters were optimized: number of filters (optimal: 96),
kernel size (optimal: 4), dilation rates (optimal: [1, 2, 4]), dropout rate (optimal: 0.20),
and learning rate (optimal: 3.8 x 107%).

This table serves both as a record of the optimization setup and as a guide to repro-
ducibility for other researchers. The optimal values indicate that relatively moderate model
sizes (e.g., 128 GRU units, 64 CNN filters) with mild regularization (dropout ~0.2-0.25)
and moderate learning rates (~10~*) yield the best performance for this application. The di-
lation rates of [1, 2, 4] for the TCN provide a receptive field that captures patterns at multiple
time scales.

Table 4. Hyperparameter ranges and optimal values optimized by ETO algorithm.

Model Parameter Search Range Optimal Value
Number of CNN Filters [16,128] 64
CNN Kernel Size [2, 8] 3
Number of GRU Units [16, 256] 128
CNN-GRU-AM Dropout Rate [0.1,0.5] 0.25
Learning Rate [1x1075,1x1072] 52x107*
Batch Size [16,128] 32
Number of Filters [16, 128] 96
Kernel Size [2,7] 4
TCN Dilation Rates [1,2,4,8] [1,2,4]
Dropout Rate [0.1,0.4] 0.20
Learning Rate [1x1075,1x1072] 3.8 x 107

Note: Hyperparameter optimization was performed using ETO with 100 iterations and a population size of 30.

6.5.5. Statistical Significance Testing

Figure 5 presents the results of statistical significance testing using the paired Wilcoxon
signed-rank test, a non-parametric test appropriate for comparing paired samples when the
normality assumption may not hold. The test was conducted between the proposed frame-
work and each baseline model across 50 repeated experiments with different random seeds.

For each comparison, the figure reports the p-value, whether the difference is statistically
significant at the « = 0.05 significance level, and the effect size measured using Cohen’s
d statistic. All comparisons yield p-values less than 0.05, confirming that the proposed
framework is statistically superior to all baselines. The effect sizes range from 0.61 to 0.89,
indicating medium to large practical significance according to standard interpretations.
The highest effect size (0.89) is observed when comparing the proposed framework against
the persistence model, while the smallest but still substantial effect size (0.61) is against the
CNN-GRU-AM (Manual) model. This result provides thorough statistical evidence that
the observed performance improvements are not due to random chance.
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Figure 5. Statistical significance testing using the two-sided exact Wilcoxon signed-rank test between
the proposed framework and each baseline across 50 repeated runs.

6.5.6. Computational Cost Analysis

Table 5 presents a computational cost analysis comparing all models in terms of training
time (in minutes), inference time per prediction step (in milliseconds), and total number of
trainable parameters. This analysis is important for assessing the practical deployability of
the proposed framework in actual industrial scenarios where computer-based resources
and response time constraints may apply.

Table 5. Computational time comparison of different models.

Model Training Time (min) Inference Time (ms) Total Parameters
SVR 35102 0.85+0.1 1.2K
LSTM 284+12 320+05 156K
GRU 247112 2.851+0.7 128K
TCN 189109 1.45+0.3 95K
CNN-GRU 352433 3.65+0.7 235K
GRU-AM 326+22 312406 210K
CNN-GRU-AM (Manual) 428 +3.1 418+04 280K
Proposed 58.6 £5.2 575+ 0.5 380K

Note: Training time includes hyperparameter optimization for ETO-optimized models. Inference time is per
prediction step.

The results show that the proposed framework needs 58.6 min of training time, which
includes both the CNN-GRU-AM and TCN training as well as the ETO hyperparameter
optimization process. While this is longer than single-model approaches, the training is
performed offline and represents a one-time cost. Inference time is 5.75 ms per prediction,
which is fast enough for time-sensitive applications where predictions may be required
every 15 min or hourly. The total number of parameters of 380K is moderate compared
to modern deep learning standards and can be readily deployed using standard hard-
ware. This table shows that the proposed framework attains superior forecast precision
without imposing exorbitant computational burdens, making it appropriate for practical
industrial deployment.
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6.5.7. Error Correction Performance

Table 6 provides a detailed analysis of the error correction performance of the Stage
II temporal convolutional network (TCN). The table compares three outputs: the Stage I
CNN-GRU-AM output, the Stage Il TCN error prediction, and the final synthesized output.
The Stage II column reports the accuracy with which the TCN predicts the residual. It is
not a power forecast, and its metrics are not directly comparable to the power-level metrics
of the Stage I and final columns.

The Stage Il TCN output represents the predicted error values (i.e., the residual between
actual power and Stage I predictions), which have an RMSE of 4.12 MW and MAE of
2.89 MW. When these error predictions are added to the Stage I predictions, the final output
achieves an RMSE of 5.89 MW and MAE of 4.02 MW, representing improvements of 23.56%
and 27.83%, respectively. The R? value improves from 0.86 to 0.93 (+8.14%). Interestingly,
the MAPE improvement of 22.58% is slightly lower than the RMSE and MAE improvements,
suggesting that the error correction is somewhat more effective for larger magnitude errors.

Table 6. Error correction performance analysis of Stage II. The table reports (i) the Stage I power
prediction 7\, (ii) the Stage II residual correction é,, which is an estimate of the Stage I error ¢, =
y, — 71" and is not a power forecast, and (iii) the final synthesized power prediction §, = 7" + é,.
Power-level metrics are reported for the Stage I and final columns. Residual-level metrics are reported
for the Stage II column. Improvement (%) is the change of the final power prediction relative to the

Stage I power prediction.

Metric Stage I Prediction  Stage II TCN Residual Prediction Final Prediction Improvement (%)
RMSE (MW) 7.68 +0.15 412+0.14 5.87+0.21 235+12
MAE (MW) 557 +0.13 2.89+£0.11 4.02 +£0.09 278t14
MAPE (%) 9.3+0.22 45+0.16 72+0.18 2258 +1.3
R? 0.86 £ 0.012 0.95 £ 0.010 0.93 £+ 0.008 814+ 0.8

Note: The Stage II column is not a final power prediction. It is the predicted residual correction
component. RMSE, MAE, MAPE, and R%in the Stage I and final columns are conventional power-level
metrics. Residual-level metrics: they measure the accuracy of the residual estimate ¢, against the true

Stage L errore,, ie., % > (6 —e)?, % 3" 1€, — e, respectively. MAPE and R? are not defined for the
signed residual target and are therefore not reported for Stage II. Improvement (%) is computed for
the final power prediction relative to the Stage I power prediction. All RMSE and MAE values are
denormalized to MW.

6.5.8. Evaluation with Extensive Rounds

We expand the repeated experiments from 10 to 50 random seeds and recompute all
statistical comparisons.

All models are trained and evaluated 50 times with different random seeds. For each run,
all evaluation metrics are computed on the held-out test set. From Table 7, the proposed frame-
work achieves the best mean performance across all four metrics: RMSE = 5.89 & 0.21 MW,
MAE = 4.05 + 0.09 MW, MAPE = 7.24 + 0.18%, and R?= 0.928 + 0.008. The standard
deviations are small relative to the means. For example, the coefficient of variation is ap-
proximately 1.9% for RMSE, 2.2% for MAE, 2.5% for MAPE, and 0.9% for R2. This indicates
that the proposed model is highly stable across random initializations and data shuffling,
and that the reported performance is not an artifact of a single lucky run. The baselines also
show small standard deviations, and the proposed framework consistently outperforms
them by clear margins. These results provide strong evidence for the reliability of the
proposed approach.
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Table 7. Mean and standard deviation of evaluation metrics over 50 independent runs.

Model RMSE (MW) MAE (MW) MAPE (%) R?

Persistence 11.20 £ 0.25 8.90 £ 0.21 16.80 £ 0.35 0.610 = 0.020
SVR 9.80 £ 0.22 7.60 +0.18 1450+ 0.30 0.680 £+ 0.018
LSTM 8.40 £0.19 6.50 £ 0.16 12.80 £ 0.28 0.760 £ 0.015
GRU 8.10+0.18 6.30 £ 0.15 1220+ 0.26 0.780 £ 0.014
TCN 790+ 0.17 6.10+0.15 11.80 £ 0.25 0.800 £+ 0.013
CNN-GRU 7.60 £0.16 590+ 0.14 11.20 £ 0.23  0.820 £ 0.012
GRU-AM 720+ 0.15 5.60 £ 0.13 10.50 £ 0.22 0.840 + 0.011
CNN-GRU-AM (Manual) 7.68 +0.17 557 +£0.14 9.30+0.20 0.860 £+ 0.012
Proposed 5.89 +0.21 4.05 +0.09 724 +0.18 0.928 + 0.008

Note: All metrics are computed after denormalization to MW. MAPE excludes zero-power samples.

Moreover, statistical significance was assessed using the two-sided exact Wilcoxon
signed-rank test, a non-parametric test appropriate for paired samples when normality
cannot be assumed. Because the number of paired runs is relatively small (1 = 50), the exact
null distribution was used. The ties and zero differences were handled with the default
zero-method. The significance level was set to « = 0.05. Effect sizes were measured using
Cohen’s d for paired samples, computed as the mean of the paired differences divided by
the pooled standard deviation of the differences, with 95% confidence intervals obtained
via 10,000 bootstrap resamples. All tests were conducted between the proposed framework
and each baseline model across the 50 repeated experiments with different random seeds.
The exact test was selected because n = 50 is at the upper bound recommended for exact
computation and because the paired differences exhibit ties and zero values, for which the
exact distribution is more reliable than the normal approximation. The results are given in
Table 8.

Table 8. Statistical significance testing of the proposed framework against each baseline using the
two-sided exact Wilcoxon signed-rank test (n = 50 paired runs, « = 0.05). Effect sizes are Cohen’s 4
for paired samples with 95% bootstrap confidence intervals.

Baseline Model p-Value (Exact) Significant (« = 0.05) Cohen’s d 95% CI

Persistence <0.001 Yes 0.89 [0.78,0.99]
SVR <0.001 Yes 0.85 [0.74, 0.95]
LSTM <0.001 Yes 0.81 [0.70,0.91]
GRU <0.001 Yes 0.78 [0.68, 0.88]
TCN <0.001 Yes 0.75 [0.65, 0.85]
CNN-GRU <0.001 Yes 0.72 [0.62,0.82]
GRU-AM <0.001 Yes 0.68 [0.59, 0.78]
CNN-GRU-AM (Manual) <0.001 Yes 0.61 [0.52,0.71]

Note: p-values are computed from the exact null distribution of the Wilcoxon signed-rank statistic.
All comparisons are significant at & = 0.05.

From Table 8, the effect sizes range from 0.61 to 0.89, indicating medium to large practical
significance according to standard interpretations. The highest effect size 0.89 is observed
when comparing the proposed framework against the persistence model, while the smallest
but still substantial effect size 0.61 is against the CNN-GRU-AM (Manual) model. The largest
effect is observed against the persistence model (d = 0.89, 95% CI [0.78,0.99]), reflecting
the substantial improvement of the proposed framework over the naive forecast. The small-
est but still substantial effect is against the CNN-GRU-AM (Manual) model (d = 0.61,
95% CI [0.52,0.71]), confirming that the error correction stage and ETO optimization pro-
vide meaningful gains even relative to a well-designed but manually tuned hybrid model.
All confidence intervals exclude zero, reinforcing the robustness of the improvements.
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6.6. Limitations and Discussion
6.6.1. Limitations

The out-of-sample regression results indicate that the predictive performance of the
current models is limited, particularly for diesel, for which the test R? is only 0.02. Accord-
ingly, the predicted values should not be interpreted as precise forecasts or used as the
sole basis for policy decisions. Rather, the results provide exploratory evidence concerning
the factors associated with the competitiveness of ICE vehicles. The petrol model, with a
test R? of 0.35, captures some variation in the target variable, but its predictive uncertainty
remains substantial. The diesel results further suggest that additional explanatory variables,
improved feature representations, or alternative modeling strategies may be necessary to
capture the underlying relationships more effectively.

Furthermore, class imbalance may affect the reliability of the classification results by
biasing the models toward majority classes and reducing their ability to identify less frequent
ICE-competitive scenarios. Significant work on this issue is proposed by Fan et al. [50].
Considering that there are no complete wind speed data available, the authors developed a
generative adversarial network-based method for the wind power time series correction.
Although this study does not evaluate additional imbalance-mitigation techniques, future
research could investigate SMOTE, class-weight adjustment, and cost-sensitive learning,
alongside class-sensitive evaluation metrics such as precision, recall, F1-score, and balanced
accuracy. These limitations should be considered when interpreting the findings and
translating them into policy recommendations.

Moreover, the data leakage was not explicitly controlled in the construction of the Stage
II residual sequences. Future work will implement a walk-forward, out-of-fold residual-
generation procedure, causal test-time imputation, and strict separation of preprocessing
parameters. This will allow a more reliable assessment of the absolute forecasting accuracy
and will further strengthen the validity of the error correction strategy.

6.6.2. Discussion

On comparison results. We have evaluated a standalone TCN (Table 1/Figure 2) against
GRU, LSTM, CNN-GRU and GRU-AM on the primary forecasting task. The TCN yields
lower RMSE/MAE than pure recurrent models while requiring fewer parameters and
exhibiting stable gradient behavior. Because the residual sequence inherits the same multi-
scale temporal structure as the original power series, the same architectural advantages
transfer directly to Stage II.

A simple multilayer perceptron (MLP) would ignore temporal order entirely and there-
fore cannot capture the auto-correlated residual dynamics that the PACF analysis shows
are present. A GRU (or LSTM) can model those dynamics, yet the ablation in Figure 3
demonstrates that replacing the TCN residual corrector with a recurrent block degrades
final RMSE by more than 18%, confirming that the convolutional multi-scale receptive field
is more effective than sequential gating for the residual signal. Transformer-based residual
modeling was not tested. While self-attention can capture long-range dependencies, it
incurs quadratic cost and requires substantially more data and regularization to avoid
overfitting on the modest residual samples available after Stage I.

On practicality. In Table 5, the reported training time of 58.6 min includes Stage I
training, Stage II residual-model training, and ETO-based hyperparameter optimization. It
is therefore an offline, one-time development cost rather than a per-prediction deployment
cost. During online operation, the trained Stage I and Stage II models require only 5.75 ms
per prediction, which is small relative to the 15-min prediction interval.

At single-precision floating point, the proposed model’s 380K trainable parameters
correspond to approximately 1.52 MB of stored weights. This is larger than the individual
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baseline models but remains modest for modern computing hardware. We also emphasize
that parameter storage is not equivalent to peak runtime memory because activations,
gradients, optimizer states, and framework overhead must be included.

Comparison with more recent studies. We compare the proposed framework with the
recent work PatchTST [51] and iTransformer [52]. The results are given in Table 9. We
can see that the proposed method reduces MAE by approximately 9.6% compared with
iTransformer and by 14.0% compared with PatchTST. The RMSE is reduced by about 9.3%
and 12.8%, respectively. The WAPE also shows a clear improvement, indicating that the
proposed method is more robust to the zero-inflated power distribution in this dataset.
In terms of R?, the proposed method achieves the highest value of 0.8573, confirming a
better fit to the actual power curve. These results collectively substantiate the effectiveness
of the proposed framework for hourly wind power forecasting and position it favorably
against recent state-of-the-art architectures.

Table 9. Comparison with PatchTST and iTransformer.

Model MAE RMSE WAPE R?

PatchTST 0.0863 + 0.0021  0.1245 + 0.0032  0.1532 + 0.0041 0.8124 + 0.0087
iTransformer 0.0821 £ 0.0018 0.1198 + 0.0027 0.1467 + 0.0035 0.8265 + 0.0074
Proposed 0.0742 +£ 0.0013  0.1086 £ 0.0021 0.1324 + 0.0028 0.8573 * 0.0059

Note: Metrics in this table are computed on the normalized power target and are reported in p.u. and
dimensionless form to ensure comparability with PatchTST and iTransformer.

Clarification of power scaling and units. The SCADA power series is stored and modeled

in normalized per-unit form:
_ P
Py = P ’

inst

where P

is the installed capacity of the wind farm. In this study, P, = 100 MW.
The models are trained on the normalized power target p, € [0,1]. After prediction,
outputs are converted back to MW:

Ptzﬁt'Pinst'

All metrics reported in Sections 6.5.1-6.5.6 and Tables 6 and 7 are computed on the denor-
malized MW values, except Table 9, which reports normalized metrics for comparison with
PatchTST and iTransformer.

On generalizability. Although the experimental results demonstrate the effectiveness
and stability of the proposed two-stage forecasting framework on the selected wind farm
dataset, the generalizability of the framework has not yet been fully established. The sea-
sonal analysis and repeated experiments provide evidence of performance stability within
the available dataset but do not demonstrate transferability across different wind farms,
geographical regions, climatic conditions, or forecasting horizons. Therefore, the reported
results should be interpreted within the scope of the experimental settings considered in this
study. Future work will evaluate the proposed framework using independent datasets from
multiple wind farms and investigate its performance under different forecasting horizons
and environmental conditions. Such studies will provide a more comprehensive assessment
of the framework’s robustness and practical applicability.

7. Conclusions

This paper presents a data-driven ensemble learning framework for wind power predic-
tion, designed to address the main challenges of real industrial settings, including data qual-
ity, irrational feature construction, and deficient model parameter settings. The framework
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merges a strong seasonal preprocessing pipeline with an innovative two-stage prediction
architecture. The first stage uses a CNN-GRU-AM model optimized with the ETO algo-
rithm for spatio-temporal feature learning, whereas the second stage uses a TCN optimized
with ETO for sophisticated error correction. The proposed framework achieves a 23.6%
reduction in RMSE compared with the best single-stage model, with a mean RMSE of
5.89 MW over 50 runs. In future work, the adversarial issue of the machine learning-based
wind power forecasting and the attack impact on the load frequency control should be
further investigated [53,54]. Moreover, the data leakage was not explicitly controlled in the
construction of the Stage Il residual sequences. Future work will implement a walk-forward,
out-of-fold residual-generation procedure, causal test-time imputation, and strict separation
of preprocessing parameters. This will allow a more reliable assessment of the absolute
forecasting accuracy and will further strengthen the validity of the error correction strategy.
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