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Abstract: In line with global carbon-neutral policies, wind power generation has received widespread
public attention, which can enhance the security of supply and social sustainability. Since wind with
non-stationarity and randomness makes power systems unstable, precise wind speed forecasting is
an integral part of wind farm scheduling and management. Therefore, a compound short-term wind
speed forecasting framework based on numerical weather prediction (NWP) is proposed coupling a
maximum information coefficient (MIC), complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN), shared weight gated memory network (SWGMN) with improved
northern goshawk optimization (INGO). Firstly, numerical weather prediction is adopted to acquire
the predicted variables with different domains, including the predicted wind speed and other
predicted meteorological variables, after which the error is calculated using the predicted and actual
wind speeds. Then, the correlation between the predicted variables and the error is obtained using
the MIC to select the correlation factors. Subsequently, CEEMDAN is employed to decompose the
correlation factors, corresponding the actual factors and the error into a series of subsequences,
which are regarded as the input series. After that, the input series is fed into the proposed SWGMN
to forecast each subsequent error, respectively, in which the shared gate is proposed to replace
the input gate, the forgetting gate and the output gate. Meanwhile, the proposed INGO based
on northern goshawk optimization (NGO), the levy flight disturbance strategy and the nonlinear
contraction strategy is applied to calibrate the parameters of the SWGMN. Finally, the forecasting
values are acquired by summing the forecasted error and the predicted wind speed from the NWP.
The experimental results depict that the errors are small among all the models. Compared with the
traditional method, the proposed framework achieves higher prediction accuracy and efficiency. The
application of this framework not only assists in optimizing the operation and management of wind
farms, but also reduces the dependence on fossil fuels, thereby promoting environmental protection
and the sustainable use of resources.

Keywords: short-term wind speed forecasting; numerical weather prediction; maximum information
coefficient; complete ensemble empirical mode decomposition with adaptive noise; shared weight
gated memory network; improved northern goshawk optimization
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1. Introduction

With ongoing global warming and rising fossil fuel prices, governments have vigor-
ously implemented global carbon neutrality policies to reduce the reliance on fossil fuels
and encourage the deployment of renewable energy [1]. As a mainstream energy source,
wind energy is the key to energy transformation because it is recyclable, economical and
abundant [2]. Despite some challenges in 2023, such as global supply chain disruptions
and intensifying global energy crises, wind energy maintained high-quality and fast-paced
development. For the first time, 1 TW of energy was generated, thereby providing a solid
foundation for sustainable social development. However, the randomness of wind speed
would result in fluctuations in the voltage and output power of the wind power generation
system, resulting in negative effects on the stability of the power grid [3,4]. Therefore, it is
crucial to research high-precision wind speed prediction models, which can improve power
system stability, optimize the wind power generation plan, and reduce the dispatching cost
of the power system [5].

Generally, wind speed forecasting models can be divided into three categories: statisti-
cal models, physical models and hybrid models [6]. Among them, the statistical models
are dedicated to calculating the relationship between the input and output variables by
mathematical statistical methods, such as the autoregressive moving average (ARMA) [7],
the autoregressive integrated moving average (ARIMA) [8], and the fractional auto re-
gressive integrated moving average (f-ARIMA) [9]. Although the statistical models have
a high prediction performance for linear data, they are limited in processing nonlinear
series [10]. Contrastively, numerical weather prediction (NWP), as a representative of
physical models, is adopted to simulate wind speed trends using meteorological data and
geographical parameters, especially for 48–72 h. With the development of NWP, there
are now many models for forecasting wind speed, which mainly include high-resolution
limited area models (HIRLAMs) [11], fifth-generation mesoscale models (MM5s) [12], and
weather research and forecasting (WRF) models [13,14]. Nevertheless, the model structure,
the inputs and the physical scheme of NWP have uncertainty, resulting in a certain error
between the forecasting value and the actual data [15].

To correct the errors of NWP, hybrid models coupling data preprocessing methods,
artificial intelligence (AI) models, and parameter optimization have been widely researched
in recent years. Among them, data preprocessing consists of correlation analysis and a
decomposition technique. Considering that the excessive input of meteorological variables
collected by NWP will lead to information redundancy, correlation analysis is adopted to
select the correlation factors. For instance, Chen et al. [16] adopted the Pearson coefficient
to evaluate the correlation between meteorological factors and wind speed for NWP
correction, thereby selecting the appropriate variables as inputs. Wu et al. [17] applied PCA
to capture input data characteristics from NWP, where the experimental results demonstrate
that PCA can reduce the computation complexity and improve the prediction accuracy.
Moreover, due to the nonlinear nature of wind speed, decomposition methods are adopted
to transform wind speed series into a set of subsequences. For example, Wang et al. [18]
applied several subseries obtain by CEEMDAN and the predicted data from NWP as inputs
for a prediction model. Among them, CEEMDAN introduces adaptive white noise to
achieve a satisfactory decomposition performance compared with those of EMD, EEMD
and CEEMD. However, few studies have applied decomposition techniques to correct NWP,
especially in the field of multivariate wind speed forecasting. In our study, CEEMDAN is
implemented to transform multivariate series into multiple subsequences.

Furthermore, AI models have been widely adopted to correct NWP due of its strong non-
linear adaptability and learning ability [19], such as artificial neural networks (ANNs) [20], sup-
port vector regression (SVR) [21], and long short-term memory (LSTM) [22]. Among them,
ANN achieves nonlinear adaptability and has a short running time. Moosavi et al. [23]
applied an ANN and random forest (RF) to study uncertainty quantification in NWP, which
proved that ANNs outperform RF, and the running time of ANNs is shorter than that of
RF. Nevertheless, the ANN prediction performance is unstable since the internal structure
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randomly generates inherent parameters. Contrastively, SVR has a good generalization
ability in dealing with small samples. Cai et al. [24] employed SVR to fuse the forecasting
results obtained by NWP, where the experimental results affirm that SVR can effectively
correct the error of NWP. However, the computational complexity of SVR surges with an
increase in sample size [25], which is unsuitable for large sample prediction. In contrast,
LSTM utilizes memory modules to effectively capture the important parts of time series
information in a large sample, thereby overcoming the limited short-term memory ability
aroused by recurrent neural networks [26]. For instance, Xu et al. [27] employed LSTM
for NWP error correction, in which the experimental results depict that LSTM can reduce
the wind speed prediction error of NWP significantly. Han et al. [15] applied bidirectional
LSTM to extract the temporal correlation features from NWP, thereby improving accurate
results and a better prediction effect. Although LSTM achieve high prediction accuracy,
the prediction training time is longer than that of other AI models due to its complex
internal structure and many weight parameters [28]. As an enhanced version of LSTM, a
shared weight gated memory network (SWGMN) is proposed for NWP correction in the
field of wind speed forecasting, in which the proposed shared gate replaces the traditional
forgetting gate, the input gate, and the output gate and shares the weights with different
values, but of the same type, in the LSTM as a uniform weight, which leads to a simpler
structure in the network and greatly reduces the forecasting time.

Since the model prediction accuracy is greatly affected by its own hyperparameters,
it is essential for researchers to select appropriate hyperparameters for models using the-
oretical methods, which mainly include manual methods and optimization algorithms.
Although the operating principle of manual methods are simple, they have strong subjectiv-
ity and limited experience, which easily lead to one calibrating a sub-optimal solution; thus,
it should not be used in the field of actual wind speed prediction. Conversely, optimization
algorithms employ the principle of gradient descent to calibrate the optimal solution route
of the inherent parameters and the approaches to the optimal solution iteratively, thus
avoiding the subjective deviation of human judgment. In recent years, a large number of
optimization algorithms inspired by various biological behaviors have been proposed as re-
search hotspots to improve prediction model accuracy, such as particle swarm optimization
(PSO), beetle antennae search (BAS), and northern goshawk optimization (NGO). Among
them, NGO has the best performance among all the classical optimization algorithms on
68 different objective functions, proving that NGO is highly capable of solving real-world
problems [29]. Although optimization algorithms have a strong search ability and a fast
convergence rate, they cannot always determine the local optimal solution. Therefore,
many researchers have studied some improved optimization algorithms to find a global
optimal solution. Fu et al. [30] proposed a combined optimization algorithm based on DE
and a slime mold algorithm, which demonstrate that the proposed algorithm can enhance
the global optimization ability. Referring to the previous studies, we propose improved
northern goshawk optimization (INGO) based on a levy flight disturbance strategy and a
nonlinear contraction strategy, in which the nonlinear contraction strategy is employed to
speed up the convergence of this algorithm, and the levy flight disturbance strategy is used
to enhance the ability of the algorithm to determine the local optimal solution.

In conclusion, a novel hybrid short-term wind speed forecasting framework is pro-
posed based on the MIC, CEEMDAN, and the SWGMN with INGO for NWP correction.
Firstly, the MIC is employed to acquire the correlation between the predicted variables and
the error to select the correlation factors, in which the predicted variables with different do-
mains, including the predicted wind speed and other meteorological variables, are obtained
by NWP, and the error is calculated using the predicted and actual wind speeds. Then, the
selected correlation factors and the error are decomposed into multiple subsequences by
CEEMDAN. Subsequently, the multiple subsequences are input into the proposed SWGMN
to forecast each subsequent error, in which the shared gate is proposed to replace the input
gate, the forgetting gate and the output gate in the SWGMN. Furthermore, the proposed
INGO coupling NGO, the levy flight disturbance strategy and the nonlinear contraction
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strategy is employed to optimize the parameters of the SWGMN. Ultimately, the wind
speed forecasting values are obtained by accumulating the forecasted error of all the subse-
quences and the predicted wind speed from NWP. The framework optimizes the utilization
of wind energy resources by improving the accuracy of wind speed prediction, thereby
contributing to the sustainable development of society. The principal contributions are
described as follows:

(1) The MIC is deployed to select the meteorological factors with different time domains.
By eliminating the irrelevant variables and retaining the main components, the influ-
ence of the irrelevant factors on the SWGMN can be avoided to improve the prediction
accuracy.

(2) The meteorological factors, the historical data and the error are decomposed into
multiple subsequences by CEEMDAN to reduce data non-stationarity and boost the
prediction performance.

(3) An improved network, the SWGMN, as a variant of LSTM, is proposed by replacing
the forgetting gate, the input gate and the output gate with the shared gate, which
achieves a good prediction accuracy and can avoid the long training process caused
by LSTM; thus, it is more suitable for NWP correction in the field of short-term wind
speed forecasting.

(4) The proposed INGO is developed to optimize the parameters of the SWGMN by
combining the levy flight disturbance strategy and the nonlinear contraction strategy,
which can determine the local optimal solution and accelerate the convergence speed,
contributing to improving the generalization, prediction performance and stability of
the SWGMN.

The rest of the paper is ordered as follows: Data preprocessing, the shared weight
gated memory network, and improved northern goshawk optimization are described in
Section 2. Section 3 shows the architecture of the proposed framework. The experimental
results and analysis are presented in Section 4. Section 5 summarizes the conclusions.

2. Methodology
2.1. Data Preprocessing
2.1.1. Maximum Information Coefficient (MIC)

The MIC measures the correlation between variables as proposed by Reshef et al. [31],
which can identify the complex functional relationship among large nonlinear samples.
Compared with the other variable selection methods, the MIC achieves strong robustness
and low computational complexity, which is widely adopted in different fields [32–34].
The essential thought behind the MIC is to divide the scatter plots of the selected variables
and the target variables into grids, and then normalize the maximum mutual information
obtained from all the different partition schemes.

For a given set C, there are two variables, including A = {a1, a2, a3, . . . , an} and
B = {b1, b2, b3, . . . , bn}. The mutual information calculation between variables A and B is
expressed as follows:

MI(C, A, B) = ∑
a∈A

∑
b∈B

p(a, b)lg
p(a, b)

p(a)p(b)
(1)

where n is the number of variable samples; p(a, b) represents the joint probability density
function of A and B; and p(a) and p(b) denote the edge probability density function of A
and B, respectively.

Since scatter plots can be divided in many different ways, there are many mutual
information values between the variables. Then, the maximum value in mutual information
is selected and normalized to [0, 1], which is shown as follows:

MIC(A, B) = max
a∗b<G

I(A, B)
lgmin(A, B)

(2)
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where G denotes maximum grid size. It can be found from a large number of comparative
experiments that the MIC achieves the highest operational efficiency and the most reliable
results when G = n0.6 [31].

2.1.2. Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
(CEEMDAN)

CEEMDAN is an adaptively decomposition technique [35], which is adopted to con-
vert complex nonlinear wind speed time series into subsequences composed of different
frequency domains. As a variant of EMD, CEEMDAN has the following advantages: (1) the
subsequent noise levels are controlled by a noise coefficient vector; (2) the reconstructed sub-
sequences are complete and have no noise; (3) compared with EMD, EEMD, and CEEMD,
the number of iterations is lower. The detailed procedure for CEEMDAN is as follows:

Step 1: The original signal x(t) with adaptive white noise is tested N times, and then
the first mode component IMF1 is calculated using the following formula:

IMF1(t) =
1
N

N

∑
i=1

IMFi
1(t) = IMF1(t) (3)

Step 2: The first residual subsequence r1 is calculated:

r1(t) = x(t)− IMF1(t) (4)

Step 3: Adaptive white noise is added to r1, which is adopted to calculate the second
modal component IMF2:

IMF2(t) =
1
N

N

∑
i=1

E1

(
r1(t) + ε1E1

(
wi(t)

))
(5)

where Ej is j − th mode generated by EMD, wi is white noise with a normal distribution,
and ε is the allowable noise deviation. Similarly, IMFk+1 is calculated as follows:

rk(t) = rk−1(t)− IMFk(t) (6)

IMFk+1(t) =
1
N

N

∑
i=1

E1

(
rk(t) + εkEk

(
wi(t)

))
(7)

Step 4: Step 3 is repeated until the residual sequence cannot be decomposed. The re-
sults of the final residual sequence and the decomposition results are successively expressed
as follows:

R(t) = x(t)−
M

∑
k=1

IMFk(t) (8)

x(t) =
M

∑
k=1

IMFk(t) + R(t) (9)

where M is the number of subsequences.

2.2. The Proposed SWGMN for NWP Correction
Shared Weight Gated Memory Network (SWGMN)

As an improved type of RNN, LSTM introduces a core module based on the memory
cell, which consists of three gate structures with different functions, including the forgetting
gate, the input gate and the output gate [36,37]. The unit structure of LSTM is depicted in
Figure 1.
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Although the prediction accuracy of the LSTM network is higher, its structure is more
complex, which leads to more time taken in the training process [38,39]. Therefore, an
improved network named SWGMN is proposed in this paper, which achieves a good
prediction accuracy and can greatly reduce running time; thus, it is more suitable for NWP
correction in the field of short-term wind speed forecasting. As a variant of LSTM, the
SWGMN changes the gate structure by reorganizing the forgotten, input and output gates
of LSTM into a shared gate, thereby reducing the running time significantly. The cell
structure of SWGMN is shown in Figure 2, and the mathematical expressions are depicted
as follows:

(1) Calculate the shared gate and information status:

x̃t = tanh(W · xt + b) (10)

rt = σ(W · xt + b) (11)
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(2) Update the current module status:

Ct = rt ∗ Ct−1 + (1 − rt) ∗ x̃t (12)

(3) Calculate the output of the current module:

ht = rt ∗ ht−1 + (1 − rt) ∗ tanh(Ct) (13)

where x̃t denotes the current input memory cell, rt represents the shared gate output, W is
the shared weight, and b is the shared bias.

As can be seen from the above formula and Figure 2, the SWGMN changes the gate
structure of LSTM to make the network structure simpler. Specifically, shared gates in the
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SWGMN are adopted to replace the input gate, the forget gate and the output gate in LSTM.
Meanwhile, the SWGMN replaces the four different value weights Wf, Wi, WC and Wo and
the biases bf, bi, bC and bo in LSTM with one shared weight W and one shared bias b in turn.
Therefore, the proposed SWGMN with a shared gate can control the discarding of useless
historical information and retain current useful information, which achieves a satisfactory
forecasting accuracy and short model training time, thus providing strong support for the
correction NWP in the field of wind speed forecasting.

2.3. The Proposed INGO
2.3.1. The Proposed Improved Northern Goshawk Optimization (INGO)

Although NGO has a strong global search ability and a fast convergence rate [29], it
may only determine the local optimal solution in the middle and late iterations. Moreover,
the hunting radius of the northern goshawk does not decrease linearly with the increase
in the number of them in nature. Therefore, improved northern goshawk optimization
is proposed based on the levy flight disturbance strategy and the nonlinear contraction
strategy.

For the development phase, INGO employs the proposed nonlinear contraction strat-
egy to capture prey instead of the traditional linear contraction strategy, which is similar
to the predatory behavior of the northern goshawk in nature, thereby accelerating the
convergence rate. The proposed nonlinear contraction strategy is depicted as follows:

R = 0.01 ×
[

1 + cos
(

πt
T

)]2
(14)

where t represents current iteration, and T denotes maximum number of iterations.
Furthermore, the third stage, named the perturbation stage, is proposed in INGO to

avoid finding local optimal solutions. In the perturbation stage, the levy flight disturbance
strategy is introduced into the position update process of the northern goshawk, which
can improve the local search ability and the convergence speed. Furthermore, perturbation
factor r and judgment factor p are introduced in the levy flight disturbance strategy, where
r is a random number in the range (0, 1), and p decreases as the number of iterations
increases as follows:

p = 1 −
√

t/T (15)

As the operating condition, the levy flight disturbance strategy is implemented in the
current iteration when r is greater than p.

In the early stages of iteration, the levy flight disturbance strategy is not performed in
early iteration since p is close to 1. Moreover, p decreases rapidly in the middle and late
iterations, which employ the levy flight disturbance strategy to prevent INGO from finding
local optimal solutions. The disturbed update of the northern goshawk position is depicted
as follows:

Xnew,S3
i = Xi + (Xi − Xbest)⊗ Levy(d) (16)

Xi =

{
Xnew,S3

i , Fnew,S3
i < Fi

Xi, Fnew,S3
i ≥ Fi

(17)

where Xnew,S3
i is the i-th individual new position, Levy(d) is levy flight disturbance strategy,

d is dimensionality, ⊗ is multiplication, and Fnew,S3
i is the i-th individual position objective

function.

2.3.2. INGO Evaluation

In this section, some benchmark functions are selected to assess the performance of
INGO, which include single-peak benchmark functions (F1, F2, F3, F4 and F7) and multi-
peak benchmark functions (F10, F11, F15 and F23). Among these, single-peak benchmark
functions have a unique optimal solution, which are adopted to evaluate convergence,
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while each multi-peak benchmark function has multiple local optimal solutions, which can
verify the global searching ability. The selected benchmark functions are depicted in Table 1.
To enhance this experiment’s persuasiveness, the proposed INGO is compared with PSO,
DE, GWO, BAS and NGO, whose parameters, including the running time, the population
size and the maximum iterations, are set 20, 30 and 200 in turn. The convergence curves
and evaluation indicators are depicted in Figure 3 and Table 2, respectively, where the
evaluation indicators include the average value (Ave.) and the standard deviation (Std.)
obtained from the results of 20 runs.

Table 1. Benchmark functions to verify the proposed INGO.

Function Dim Range Fmin

F1 = ∑n
i=1 x2

i 30 [−100, 100] 0
F2 = ∑n

i=1 |xi|+ ∏n
i+1|xi| 30 [−10, 10] 0

F3 = ∑n
i=1

(
∑i

j xj

)2 30 [−100, 100] 0

F4 = maxi{|xi|, 1 ≤ i ≤ n} 30 [−100, 100] 0
F7 = ∑n

i=1 ix4
i + rand [0, 1) 30 [−1.28, 1.28] 0

F10 =
−20∑n

i=1 exp
(
−0.2

√
1/n∑n

i=1 x2
i
)
− exp(∑n

i=1 cos(2πxi)/n) + 20 + e 30 [−32, 32] 0

F11 = ∑n
i=1 x2

i /4000 − ∏n
i=1 cos

(
xi/

√
i
)
+ 1 30 [−600, 600] 0

F15 = ∑11
i=1

[
ai − x1

(
b2

i + bix2
)
/
(
b2

i + bix3 + x4
)]2 4 [−5, 5] 0.0003

F23 = −∑10
i=1

[
(X − ai)(X − ai)

T + ci

]−1 4 [0, 10] −10.536
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Table 2. Evaluation indicators of INGO and comparative ones.

Function Metric INGO NGO PSO DE GWO BAS

F1
Ave. 7.78 × 10−45 2.20 × 10−32 3.50 38.40 6.44 × 10−9 6.24 × 104

Std. 1.58 × 10−44 3.84 × 10−32 0.87 12.00 8.13 × 10−9 7.91 × 103

F2
Ave. 6.85 × 10−24 2.10 × 10−17 7.6 1.65 7.26 × 10−6 3.02 × 105

Std. 4.75 × 10−24 1.66 × 10−17 1.37 0.23 3.19 × 10−6 8.18 × 105

F3
Ave. 3.68 × 10−19 1.95 × 10−7 17.90 4.12 × 104 3.9 1.38 × 105

Std. 1.07 × 10−18 2.27 × 10−7 8.71 5.54 × 103 4.94 5.42 × 104

F4
Ave. 7.70 × 10−20 3.75 × 10−14 0.82 40.80 0.03 85.90
Std. 4.87 × 10−20 2.53 × 10−14 0.04 5.54 0.02 2.10

F7
Ave. 9.07 × 10−4 0.14 × 10−2 18.40 0.19 0.66 × 10−2 15.20
Std. 3.61 × 10−4 5.86 × 10−4 6.83 0.04 0.37 × 10−2 5.03

F10
Ave. 4.61 × 10−15 5.51 × 10−15 2.9 3.2 2.08 × 10−5 19.60
Std. 7.94 × 10−16 1.67 × 10−15 0.2 0.2 1.29 × 10−5 0.21

F11
Ave. 0 0 0.14 1.3 0.01 6.19 × 102

Std. 00 0 0.04 0.10 1.49 × 10−2 57.70

F15
Ave. 3.07 × 10−4 3.51 × 10−44 5.93 × 10−4 9.39 × 10−4 0.36 × 10−2 0.17 × 10−2

Std. 8.82 × 10−10 4.27 × 10−5 1.58 × 10−4 3.44 × 10−4 0.72 × 10−2 6.17 × 10−4

F23
Ave. −10.5364 −10.2587 −5.1285 −10.2142 −9.7121 −10.5364
Std. 2.47 × 10−15 1.24 1.27 × 10−5 0.59 2.49 2.60 × 10−8

It can be seen from Figure 3 that for the single-peak benchmark functions (F1, F2, F3,
F4 and F7), the proposed INGO optimization algorithm has a faster convergence speed.
Although each algorithm can eventually approach 0, the final result of the INGO algorithm
is significantly smaller than those of the other algorithms and closer to 0. This shows
that the INGO optimization algorithm has a faster and stronger optimization ability. For
the multi-peak benchmark functions (F10, F11, F15 and F23), is they are more complex
than the single-peak benchmark functions, each of which has multiple different local
optimal solutions. From Figure 3, it can be seen that some optimization algorithms will
find local optimal solutions and search slowly, while the proposed INGO optimization
algorithm can find the global optimal solutions of each multi-peak benchmark function
with the fastest speed, proving the proposed INGO achieves a stronger global optimization
ability and better performance. As can be seen from Table 2, the Ave. and Std. of the
proposed INGO for all the benchmark functions are the smallest among all the comparison
algorithms. Specifically, the average value of the optimal solution obtain by INGO is
closest to the optimal solution of the benchmark function in 20 runs, which demonstrates
that the deviation of all the running results is within a satisfactory range, proving that
INGO achieves a stronger optimization ability than those of the other algorithms. On the
other hand, the standard deviation of INGO is significantly lower than those of the other
optimization algorithms, which indicates that the dispersion degree of the optimal solution
is minimal, proving that the proposed INGO achieves strong robustness and satisfactory
stability.

3. Architecture of the Proposed Framework Coupling MIC, CEEMDAN, Shared Weight
Gated Memory Network with Improved Northern Goshawk Optimization for NWP
Correction

In this section, a compound short-term wind speed forecasting framework for NWP
correction coupling the MIC, CEEMDAN and the SWGMN with INGO is proposed for
NWP correction, as illustrated in Figure 4. The implementation steps are depicted as
follows:
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Step 1: The predicted and actual variables are acquired by NWP and Open Weather,
respectively, in which the predicted variables with different domains include the predicted
wind speed and other meteorological variables.

Step 2: The MIC is employed to obtain the correlation between the predicted variables
and the error, which is calculated using the actual and predicted wind speeds, after which
the correlation factors strongly related to the error are selected from all the variables.

Step 3: The error and the correlation factors are decomposed into a series of subse-
quences by CEEMDAN.

Step 4: The proposed SWGMN is applied to forecast the error of each subsequence,
respectively, in which the shared gate of the SWGMN is proposed to replace the input gate,
the forgetting gate and the output gate of LSTM.

Step 5: The proposed INGO is employed to optimize the parameters of the SWGMN,
which is composed of NGO, the levy flight disturbance strategy and the nonlinear contrac-
tion strategy.

Step 6: The wind speed forecasting results are attained by accumulating the forecasting
error of all the subsequences and the predicted wind speed to achieve NWP correction.

4. Experimental Results and Analysis
4.1. Data Description and Processing

The experimental data are collected from Open Weather during the period from 8
October 2017 to 23 March 2018, including the actual and NWP values with a resolution of
1 h. Within this, the actual data contain the measured values of meteorological data, such
as temperature, pressure and wind speed, and NWP includes the corresponding predicted
values. Moreover, the first 80 percent of the data are applied as training set, and the last
20 percent of data are used as a test set. Furthermore, the time dimensions in NWP are 0:00
and 12:00. The predicted wind speed from NWP at 0:00, the actual wind speed, and the
error calculated using the predicted wind speed and the actual wind speed are depicted
in Figure 5. It can be seen that the predicted wind speed from NWP can roughly reflect
the actual wind speed trend, but there is still a certain deviation, in which the maximum
deviation is about 17 m/s. Therefore, it is necessary to correct the predicted wind speed.
This correction task is completed using Python 3.7.

1 

 

 

Figure 5. NWP predicting wind speed and error.

Moreover, the meteorological data contain 12 factors, among which there are unneces-
sary factors that increase the computational complexity and reduce the forecasting accuracy.
To this end, the MIC is employed to select the input meteorological data. The correlation
between the meteorological data and the error is shown as Figure 6. It can be found that the
predicted wind speeds at 0:00 and 12:00 have the most significant correlation with the error.
Therefore, the predicted wind speeds at 0:00 and 12:00, the prediction error, and the actual
wind speed are considered as the input factors. Since the wind speed and the error have
significant volatility, CEEMDAN is applied to decompose the input factors to improve the
prediction accuracy. The decomposition results are shown in Figure 7.
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4.2. Parameter Setting

To verify the prediction performance of the proposed model, called the MIC-CEEMDAN-
INGO-SWGMN, seven models, including BP, the SWGMN, the MIC-SWGMN, MIC-
CEEMDAN-LSTM, MIC-CEEMDAN-GRU, the MIC-CEEMDAN-SWGMN and the MIC-
CEEMDAN-INGO-SWGMN, are established for comparison. The parameter settings of
each model are shown in Table 3. For the proposed model, INGO is proposed to optimize
the initial learning rate and the number of iterations of the SWGMN, in which the opti-
mization range is between [0, 1] and [100, 300], in turn, where the maximum number of
iterations and population size of INGO are set to 50 and 30, respectively. The maximum
number of iterations and the total number of CEEMDAN are determined by the trial and
error method.

Table 3. Parameter settings of all laboratorial models.

Models Parameters Determination Methods Values/Research
Range

BP

Number of hidden
neurons Trial and error method 128

Batch size Trial and error method 16
Epochs of training Trial and error method 100

LSTM

Epochs of training Trial and error method 100
Initial learning rate Trial and error method 0.01
Number of hidden

neurons Trial and error method 128

Batch size Trial and error method 16

GRU

Epochs of training Trial and error method 100
Initial learning rate Trial and error method 0.01
Number of hidden

neurons Trial and error method 128

Batch size Trial and error method 16

SWGMN

Epochs of training INGO [100, 300]
Initial learning rate INGO [0, 1]
Number of hidden

layer nodes Trial and error method 128

Batch size Trial and error method 16

INGO
Population number Present 30
Maximum iterations Present 50

CEEMDAN
Total number of times Trial and error method 50
Maximum number of

filtering iterations Trial and error method 500

4.3. Evaluation Indicators

To quantitatively measure the performance of the prediction model, the mean absolute
error (MAE), the root mean square error (RMSE) and the mean absolute percentage error
(MAPE) are adopted to analyze the error [40]. The smaller the three indicators are, the
smaller the prediction error of the model is. The expression is as follows:

MAE =
1
n

n

∑
i=1

|ŷi − yi| (18)

RMSE =

√
1
n

n

∑
i=1

(ŷi − yi)
2 (19)

MAPE =
1
n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100% (20)
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where n represents the number of prediction samples, yi denotes the actual value of the i-th
sample, and ŷi denotes the predicted value for the i-th sample.

4.4. Comparative Analysis of Prediction Performance

Table 4 presents the evaluation indicator of the seven prediction models used to
correct the errors. In addition, a correction curve fitting diagram is shown in Figure 8.
Combining Table 4 and Figure 8, the following conclusions can be drawn: (1) It can be seen
that the corrected wind speed has a remarkable fit with the actual wind speed. Table 4
shows that the wind speed forecast with correction is more accurate than that without
correction, and its MAE, RMSE and MAPE values are reduced by 1.1367 m/s, 1.4264 m/s
and 69.95%, respectively. (2) The proposed MIC-CEEMDAN-INGO-SWGMN achieves the
best correction effect with the smallest MAE, RMSE and MAPE of 0.4371 m/s, 0.5743 m/s
and 10.771%, respectively. (3) Compared with the prediction results of the SWGMN, the
MAE, RMSE and MAPE of the MIC-SWGMN are better, which indicates the MIC can
effectively select input variables to improve the prediction accuracy of the model. (4) By
comparing the prediction results of the MIC-CEEMDAN-SWGMN and the MIC-SWGMN,
it can be seen that data volatility can be significantly reduced by using CEEMDAN, thus
improving the prediction accuracy. (5) Compared with the prediction results of MIC-
CEEMDAN-LSTM and MIC-CEEMDAN-GRU, it is found that the MAE, RMSE and MAPE
of the MIC-CEEMDAN-SWGMN are the smallest, indicating that the proposed SWGMN
has the best performance. Moreover, Table 5 illustrates that the training and prediction
times of the MIC-CEEMDAN-SWGMN are about 44.01% and 34.54% shorter compared
with those of MIC-CEEMDAN-LSTM and MIC-CEEMDAN-GRU. (6) Comparing the MIC-
CEEMDAN-INGO-SWGMN with the MIC-CEEMDAN-SWGMN, it can be seen that the
model has a better prediction performance after the addition of INGO, indicating that the
hyperparameters of the INGO model are effective.

Table 4. The evaluation results of the proposed model and the comparison ones.

Models
Evaluation Indicators

MAE (m/s) RMES (m/s) MAPE (%)

Without correction 1.5738 2.0007 35.8483
BP 1.5838 1.8675 28.0752

SWGMN 0.8933 1.1540 27.7089
MIC-SWGMN 0.8618 1.1135 19.8645

MIC-CEEMDAN-LSTM 0.4989 0.6435 12.2026
MIC-CEEMDAN-GRU 0.4733 0.6142 14.5071

MIC-CEEMDAN-SWGMN 0.4417 0.5839 11.5129
MIC-CEEMDAN-INGO-SWGMN 0.4371 0.5743 10.7717

Table 5. Training and prediction times for all subsequences.

Models IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 IMF9 Total
Time

MIC-
CEEMDAN-

LSTM
73.83 72.37 78.11 77.65 78.82 74.84 74.36 75.52 72.88 678.38

MIC-
CEEMDAN-

GRU
64.43 65.26 64.37 64.14 65.24 64.79 65.15 63.56 63.23 580.17

MIC-
CEEMDAN-

SWGMN
42.70 42.94 43.16 41.04 42.61 41.26 41.73 42.06 42.27 379.77
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Figure 8. The corrected results of the proposed model and the other comparison models. 

4.5. Discussion 
4.5.1. Discussion on the Effectiveness of MIC 

According to Table 6, it can be seen that the forecasting performance achieves differ-
ent degrees of improvement after using the MIC. Compared with the SWGMN, the MAE, 
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4.5. Discussion
4.5.1. Discussion on the Effectiveness of MIC

According to Table 6, it can be seen that the forecasting performance achieves different
degrees of improvement after using the MIC. Compared with the SWGMN, the MAE, RMSE
and MAPE of the MIC-SWGMN are reduced by 3.52%, 3.5% and 28.31%, respectively, which
indicates the MIC can effectively select the input variables.

Table 6. Percent performance improvement.

Improvement Percentages
PIindex (%)

PIMAE (%) PIRMSE (%) PIMAPE (%)

SWGMN vs. MIC-SWGMN 3.52 3.50 28.31
MIC-SWGMN vs.

MIC-CEEMDAN-SWGMN 48.74 47.56 42.04

MIC-CEEMDAN-LSTM vs.
MIC-CEEMDAN-SWGMN 11.47 9.26 5.65

MIC-CEEMDAN-SWGMN vs.
MIC-CEEMDAN-INGO-SWGMN 1.04 1.64 6.44
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4.5.2. Discussion on the Effectiveness of CEEMDAN

Table 6 shows the percentage of performance improvement with the model after
adding CEEMDAN. Compared with the MIC-SWGMN, the MAE, RMSE and MAPE of
the MIC-CEEMDAN-SWGMN are increased by 48.74%, 47.56% and 42.04%, respectively,
which indicates CEEMDAN can effectively decompose the original series into a series of
subseries to reduce the volatility of the series.

4.5.3. Discussion on the Effectiveness of INGO

Figure 3 illustrates that the proposed INGO achieves superior optimization results
within the shortest time compared with those of the other optimization algorithms. Table 3
demonstrates that the proposed INGO outperforms other optimization algorithms in terms
of optimization effectiveness. From Table 6, the MAPE of the MIC-CEEMDAN-SWGMN
is improved by 6.44% after the addition of INGO. The results show that INGO achieves a
robust global search ability and can effectively calibrate the parameters of the SWGMN.

4.5.4. Discussion on the Effectiveness of SWGMN

From Table 6, it is apparent that the evaluation indicators of the MIC-CEEMDAN-
SWGMN are better than those of MIC-CEEMDAN-LSTM, and the total training time of
all the subsequences is reduced by 44.01%. It shows that the proposed SWGMN with a
shared gate, a shared bias and a shared weight can effectively reduce the training time and
improve the prediction accuracy.

5. Conclusions

To improve the NWP forecast accuracy, a compound framework is proposed by cou-
pling the MIC, CEEMDAN and the SWGMN with INGO for NWP correction. Firstly,
numerical weather prediction is employed to obtain the predicted variables, which include
the predicted wind speed and other meteorological variables. Then, the MIC is applied
to select the correlation factors based on the correlation between the predicted variables
and the error, which is calculated using the predicted and actual wind speeds. Afterwards,
the correlation factors are decomposed into a set of subsequences with CEEMDAN. Sub-
sequently, the SWGMN, as a variant of LSTM, is proposed to predict the error of each
subsequence, in which the shared gate of the SWGMN is proposed to replace the input
gate, the forgetting gate and the output gate of LSTM. Meanwhile, the proposed INGO
is adopted to calibrate the optimal parameters of the SWGMN. Lastly, the wind speed
forecasting values are obtained using the predicted error of all the subsequences and the
predicted wind speed from NWP. Through these experiments and comparative analysis,
the following conclusions are drawn: (1) The MIC can effectively eliminate the irrelevant
variables and retain the main factors of affect the error to reduce the training complexity
of the model. (2) CEEMDAN can reduce data volatility, thereby improving the prediction
accuracy of the model. (3) INGO is superior to PSO, DE, GWO, BAS and NGO and can
provide sufficient support for the SWGMN. (4) The proposed model SWGMN simplifies
the gate structure and shares the internal weights to achieve a higher prediction accuracy
and a significantly reduced running time, which is more suitable for short-term wind speed
prediction error correction.
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ARIMA Autoregressive Integrated Moving Average
ARMA Autoregressive Moving Average
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CEEMD Complementary Ensemble Empirical Mode Decomposition
CEEMDAN Complete Ensemble Empirical Mode Decomposition
CEEMDAN Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
DE Differential Evolution
EMD Empirical Mode Decomposition
EEMD Ensemble Empirical Mode Decomposition
MM5 Fifth-Generation Mesoscale Model
f-ARIMA Fractional Auto Regressive Integrated Moving Average
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INGO Improved Northern Goshawk Optimization
LSTM Long Short-Term Memory
MIC Maximum Information Coefficient
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
NGO Northern Goshawk Optimization
NWP Numerical Weather Prediction
PSO Particle Swarm Optimization
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RMSE Root Mean Square Error
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WRF Weather Research and Forecasting
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