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ABSTRACT: With the development of photovoltaic industry, accurate power prediction is critical to grid stability. To address photovoltaic
power’s high sensitivity to meteorological conditions, nonlinearity, and non-stationarity, this paper develops a prediction model that
integrates multi-scale features and intelligent optimization. First, correlation coefficients are used to screen key weather factors, and
K-shape clustering is applied to classify operational scenarios into sunny, cloudy, and rainy types. For the power data of each scenario,
multi-scale features are extracted via Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN), sample
entropy secondary clustering, and Variational Mode Decomposition (VMD)-based deep decomposition. After fusing these features with
weather factors, the integrated data is input into a Convolutional Neural Network-Bidirectional Long Short-Term Memory Network
(CNN-BiLSTM), with hyperparameters optimized using Northern Goshawk Optimization (NGO) algorithm. Verification with actual
data sets indicates that this model outperforms traditional counterparts. Specifically, compared with the traditional BILSTM model, its
Mean Absolute Error (MAE) is reduced by 70.8%, 20.7%, and 47.0% under sunny, cloudy, and rainy scenarios, respectively — providing
effective support for efficient dispatching and stable operation of photovoltaic power grids.

1. INTRODUCTION

ith the global energy structure transitioning towards
Wclean energy, photovoltaic power generation, leveraging
its advantages of renewability and non-pollution has been con-
tinuously increasing its proportion in the energy system [1,2].
However, the output of photovoltaic power is susceptible to
meteorological factors such as solar irradiance, temperature,
and cloud cover, exhibiting significant nonlinearity, non-
stationarity, and randomness. This not only poses challenges
to the safe and stable operation of power systems but also
restricts the efficient absorption of photovoltaic energy [3].
Therefore, constructing high-precision photovoltaic power
prediction models holds important practical significance for
optimizing power dispatching, reducing the curtailment rate
of photovoltaic power, and improving the economy of power
grids [4, 5].

In recent years, scholars have carried out extensive research
in the field of photovoltaic power prediction. From traditional
statistical methods to machine learning algorithms and then to
deep learning models, the prediction accuracy has been contin-
uously improved [5-8]. Statistical models use statistical prin-
ciples to analyze historical data and build prediction models.
For example, the autoregressive moving average model is rel-
atively simple to calculate. However, in the face of highly
nonlinear, complex, and changeable photovoltaic power data,
the prediction accuracy is difficult to meet the actual needs
[9,10]. Prediction methods based on machine learning and
deep learning have become research hotspots. In the field of
machine learning, [11] studies the photovoltaic power predic-
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tion method combining machine learning methods with weather
models. In the field of deep learning, [12] uses a model com-
bining convolutional neural network (CNN) and Informer to
predict photovoltaic power. Ref. [13] combines bidirectional
long short-term memory (BiLSTM) with transformer to form
a new model, so as to improve the accuracy of photovoltaic
power prediction. Ref. [14] points out that its high accuracy
may stem from the non-autoregressive strategy rather than the
ability to extract temporal relationships. Ref. [15] proposes
DS former, which mines key features of multivariate long se-
quences through dual sampling. TFEformer in [16] integrates
multiple attention mechanisms to optimize photovoltaic power
prediction. GinAR+ in [17] addresses the challenge of predict-
ing multivariate sequences with missing values.

To further improve the prediction accuracy, decomposing
and clustering input data, as well as optimizing hyperparame-
ters, are also key steps. Ref. [18] has constructed a photovoltaic
power prediction model integrating VMD, Informer, and DCC.
This model embeds a VMD layer in the encoder part of In-
former, and effectively weakens the fluctuation characteristics
of the feature sequence by decomposing it. Ref. [19] uses the
improved complete ensemble empirical mode decomposition
with adaptive noise (ICEEMDAN) algorithm to carry out the
initial decomposition of the original photovoltaic power data,
and then further splits each intrinsic mode function (IMF) into
high-frequency, medium-frequency, and low-frequency com-
ponents. Ref. [20] applies K-means++ clustering method to
divide the data set into sunny, cloudy, and rainy days, so as
to improve the similarity of training samples. Ref. [21] uses
fuzzy c-means (FCM) clustering algorithm to cluster multiple
photovoltaic stations into different groups, and then carries out
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mainstream clustering prediction work. Refs. [22] and [23] re-
spectively adopt improved snake optimization algorithm and
Improved Particle Swarm Optimization-Least Squares Support
Vector Machine (IPSO-LSSVM) optimization algorithm to op-
timize hyperparameters of the proposed model.

Despite significant progress in research, existing models still
have three shortcomings: (1) The division of weather scenarios
is rough. Most models use simple threshold methods to distin-
guish sunny, cloudy, and rainy weather, failing to capture sub-
tle differences under the same type of weather; (2) The depth
of feature extraction is insufficient, and a single decomposition
method is difficult to fully characterize multi-time scale char-
acteristics.

To address the above issues, this paper proposes a photo-
voltaic power prediction model integrating multi-scale feature
extraction and intelligent optimization. The model first screens
key weather factors through correlation analysis, and then uses
K-shape clustering algorithm to divide the photovoltaic power
time series into three typical scenarios: sunny, cloudy, and
rainy days, so as to realize the hierarchical processing of data.
For each type of scenario data, CEEMDAN method is used for
initial decomposition, and after secondary clustering combined
with sample entropy, the VMD method is used to deeply extract
multi-scale features. These features are fused with key weather
factors and input into the CNN-BiLSTM model, and NGO al-
gorithm is introduced to optimize hyperparameters to improve
prediction performance. It aims to provide a high-precision and
high-reliability solution for photovoltaic power prediction un-
der complex meteorological conditions and provide technical
support for the sustainable development of the photovoltaic in-
dustry.

2. RESEARCH MODEL

2.1. Correlation Analysis

In photovoltaic power prediction, Pearson Correlation Coeffi-
cient is a fundamental tool for analyzing the linear relationship
between influencing factors and photovoltaic output. Its core
function is to quickly identify variables that have a significant
linear impact on photovoltaic output, providing a basis for fea-
ture selection and input design in prediction models.

The correlation coefficient is a statistical indicator that mea-
sures the degree of linear correlation between two continuous
variables, with a value range of [—1, 1]. The closer the absolute
value is to 1, the stronger the linear correlation is. A positive
value indicates a positive correlation; a negative value indicates
anegative correlation; and a value close to 0 indicates a weak or
no linear correlation [13]. The calculation formula for Pearson
correlation coefficient r is:

E(XY) - E(X)E(Y)
VE(X?) - B*(X)\/BE(Y?) - E2(Y)

(M

Tzy =

wherein, r,. , is the correlation between X and Y, and E rep-
resents the mathematical expectation.
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2.2. K-Shape Clustering Algorithm

K-shape clustering is a clustering algorithm specifically de-
signed for time series data, whose core goal is to group time se-
ries with similar shapes, without focusing on differences in their
numerical scales or offsets [24]. Compared with traditional
clustering algorithms (such as K-means), K-shape is more suit-
able for handling the dynamic characteristics of time series,
such as trends, periodicity, and pattern similarity. The specific
steps are as follows:

Step 1: Initialization:
Randomly select K time series as the initial cluster cen-
ters.

Step 2: Calculate similarity:

For each time series, calculate its shape distance from each
cluster center. For two time series X and Y, first perform
standardization on them to eliminate the influence of mean
and variance:

|
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yi—Y

where X and Y are the means of the sequences, respec-
tively, and ox and oy are standard deviations of the se-
quences, respectively. Subsequently, calculate the maxi-
mum cross-correlation coefficient of the two standardized
sequences:

1 n—Trt . .
max_corr(X,Y) = max (n Zl T4 -yi+7> 3)

where 7 is the time lag (used to capture the similarity of
temporal offsets between sequences, such as one sequence
appearing later than another but with the same shape), and
its value range is [—(n — 1), n — 1]. Finally, the shape
distance is:

d(X,Y)=1—max_corr(X,Y) 4)

Step 3: Assign clusters:
Assign each time series to the category of the cluster center
with the closest distance.

Step 4: Update centers:
For each cluster, recalculate its shape center (i.e., the “av-
erage shape” of all time series in the cluster).

Step 5: Repeat iteration:

Repeat Steps 2—4 until the cluster centers no longer change
significantly, or the maximum number of iterations is
reached.

2.3. CEEMDAN Algorithm

CEEMDAN (Complete Ensemble Empirical Mode Decompo-
sition with Adaptive Noise) is an improved Empirical Mode
Decomposition (EMD) method, mainly used for the adap-
tive decomposition of nonlinear and non-stationary time series

WWwWw.jpier.org



Progress In Electromagnetics Research C, Vol. 160, 183—-195, 2025

PIER C

data [25]. It decomposes the original signal into a series of
physically meaningful Intrinsic Mode Functions (IMFs) and a
residual component. Its core advantages lie in solving the prob-
lems of mode mixing and noise residue existing in traditional
EMD and EEMD (Ensemble Empirical Mode Decomposition),
thus improving the stability and accuracy of decomposition.
The decomposition process of CEEMDAN can be summarized
as the following steps:

Step 1: Let the original signal be x(¢). On this basis, add a
white noise signal w,, (¢) to obtain the sequence to be de-
composed y., (t).

Step 2: Perform EMD decomposition on y,,(t), take the mean
of the decomposition results, and obtain the first-order in-
trinsic mode function IMF; (¢) and the residual term.

Ry(t) = z(t) — IMFy(t) 5)

Step 3: Add white noise to the first-order residual term to ob-
tain

Ry (t) + e1Ex[wn(t)] (6)

Perform EMD decomposition on it to obtain the second-
order intrinsic mode function IMF; (¢) and its residual term

R, (t);

IMFQ(t) = %El{Rl(t) +€1E1 [wn(t)]} (7)

Ry(t)

Ry(t) — IMFy (¢) 8)

Step 4: Add white noise to the (7 — 1)-th residual term, and
the ¢-th IMF component and residual term are obtained as

follows:
L
IMF; ( EZ:: Ri_1(t) + i1 Eisq[wn (D]} (9)
R;(t)=R;_1(t) — IMF,(¢) (10)

where E;_1(x) is the (i — 1)-th IMF component after de-
composition; R;_1(t) is the (¢ — 1)-th residual term; €;_1
is the white noise weight coefficient; w,, () is the white
noise generated in the n-th processing.

Step 5: Repeat Step 4 until the residual term becomes a mono-
tonic function, and the sequence cannot be further decom-
posed. Finally, all IMF components and the residual term
are obtained.

2.4. VMD Algorithm

Variational Mode Decomposition (VMD) is an adaptive signal
decomposition method based on the variational principle [26].
Its core lies in decomposing the original signal into multiple
modal components with clear frequency centers and limited
bandwidths by iteratively solving the variational model.
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The mathematical expression for decomposing photovoltaic
time series signals is as follows:

min{lﬁjl | O [(5(75) + #) * llk(t)} g TIwkt |§}
s.t. f: uy, = f(¢)

k=1

(11)

where K is the total number of components; uy(t) is the k-th
modal component; wy, is the central frequency of the k-th mode;
0Oy is the partial derivative; 0(t) is the Dirac delta function; * is
the convolution operator; || - ||3 is the square of the L,-norm;
and f(t) is the original signal.

Using Lagrange multiplier A and quadratic penalty term o,
the above problem is transformed into an unconstrained prob-

lem:
L fod 3) = af o (50 + %) vusto)
K

Z t) 113

e I3 + || £t

K
+ <)\(t),f(t) - Zuk(t)> (12)

k=1

where (e, *) denotes the inner product operation.

2.5. Northern Goshawk Optimization

Northern Goshawk Optimization (NGO) is a meta-heuristic
optimization algorithm inspired by the predatory behavior of
the northern goshawk. Proposed by Dehghani et al. in 2021
[27], it solves various optimization problems by simulating the
goshawk’s behaviors such as prey identification, attack, chase,
and escape. The main introduction is as follows:

(1) Prey identification and attack (exploration phase): The
core task of this phase is to screen out target prey and
launch an attack quickly. At this stage, the algorithm will
conduct a comprehensive global exploration of the entire
search range to determine the most suitable attack area,
and the corresponding mathematical model is as follows:

P=Xi=12,...,N,

k=1,2,...i—1,i+1,...,N  (13)
new,Pr ) Tig+r(pig—Ixij), Fp, <Fj
xivj - { T, + T(l’i,j _pi,j)a Fpi 2 Fl (14)

In the formula, P; represents the position of the prey tar-
geted by the i-th northern goshawk; Fj,; is the objective
function value corresponding to this prey position; k is a
random natural number within the range of [1, N]; z;"""
denotes the new position of the ¢-th northern goshawk in
the j-th dimension; r takes values within the interval [0, 1];
I is a value randomly chosen as 1 or 2. The parameters
r and [ serve to introduce random behaviors during the
search and position update process; F; " ' is the updated

objective function value obtained in the exploration phase.
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FIGURE 1. Structure diagram of CNN network.

(2) Chase and escape (exploitation phase): This phase mainly
simulates the interactive process of the northern goshawk
chasing its prey and the prey attempting to escape. Simu-
lating this phase can enhance the algorithm’s search effi-
ciency in local spaces. Assuming that the current hunting
activity occurs within an area centered at the attack point
with a radius of R, the mathematical model before the start
of the chase behavior can be expressed as:

?ZW’PQ = T;;+ R(27‘ — 1)33‘2'73' (15)
t
R = 0.02(1-— (16)
Xpew,P2’ Fpew,Pg < Fi
Xi = { Xl Fl_new,Pg > F (17)

In the formula, ¢ is the current number of iterations; T is
the maximum number of iterations; X" denotes the
new position of the i-th northern goshawk in the second
phase; and F"""* is its objective function value.

2.6. Convolutional Neural Network

Convolutional Neural Networks (CNNs) are an important
branch of feedforward neural networks and are widely used in
the field of deep learning [28]. They draw on the hierarchical
information processing mechanism of the biological visual
system to excavate the information features hidden in complex
data. The main components of CNN include convolutional
layers, pooling layers, and fully connected layers, which work
together to construct a progressive feature learning mode of
“local perception — feature extraction — global mapping”.

The convolutional layer uses convolution kernels to perform
sliding convolution operations on local regions of the input
data, thereby extracting local features of the data in the spatial
or temporal dimension. The specific expression for the discrete
convolution operation performed by the input data on the con-
volution kernel is as follows:

N

Ct) = Wi,j)- X ({t+4,7)+0b

1

(18)

-1 D

K2

Il
=)

J
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In the formula, X represents the input data, D the feature
dimension, k the size of the convolution window, b the bias
term, C(¢) the output feature value at time step ¢, and W the
convolution kernel. After the data undergoes parallel computa-
tion through multi-channel convolution kernels, the CNN can
capture fluctuation patterns of the data at different frequencies.

In a CNN network, pooling layer is a key component for
feature dimensionality reduction. It employs strategies such as
max pooling and average pooling to compress the parameters
output by the network, thereby significantly reducing the num-
ber and dimensions of parameters and effectively lowering the
complexity of computations.

The fully connected layer integrates features through full
connections between neurons and ultimately outputs the tar-
get results. Considering the prominent advantages of CNNs
in processing massive and high-dimensional data, in the task of
photovoltaic power prediction, when dealing with multi-source
data sets composed of historical meteorological data, power
data, etc., CNNs can efficiently extract features from them by
virtue of their own structure and use these features as input for
the subsequent BILSTM model. Figure 1 presents the structural
composition of the CNN model.

2.7. Bidirectional Long Short-Term Memory

BIiLSTM (Bidirectional Long Short-Term Memory) is an
extended form of the Long Short-Term Memory network
(LSTM) [29]. Its core lies in the integration of forward
LSTM and backward LSTM, and it is mainly used to process
sequence data. This model can simultaneously utilize the past
information (forward) and subsequent information (backward)
in the sequence, thereby more comprehensively capturing the
internal dependencies of the sequence. Figure 2 presents a
schematic diagram of the LSTM structure.

LSTM achieves the storage of long-term time-series infor-
mation by adding an input gate, a forget gate, and an output
gate, and can excellently capture the inherent laws of sequence
information. Its formula expression is as follows:
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FIGURE 2. LSTM structure.

1. Forget gate: Determines which information in the cell

state to discard.
fr =6(Wy - [hy—1,2¢] + by) (19)

In the formula, f; denotes the forget gate, and ¢ is the sig-
moid activation function, which can map the input to the
interval [0, 1]. Asaresult, part of the input becomes 0 after
passing through the activation function, thereby achieving
the forgetting effect. W, represents the weight matrix of
the forget gate, h;_1 the output at the previous time step,
x; the input at the current time step, and b the bias of the
forget gate in the current hidden layer.

. Input gate: Determines which new information is stored
in the cell state.

{ = S(Wi - [he—1, 4] + by)

2
Cy = tanh(WC[ht_l, fEt] + bc) 20)

In the formula, 4, represents the input gate, which mainly
determines the information to be adopted and updated, b;
the parameter of the input gate, tanh an activation function
that can limit the output to the range [—1, 1], W; the weight
matrix connecting the input and the neurons in the hidden
layer, W, the weight matrix from the neurons in the hidden
layer to the output gate, and b, the bias of the memory unit
in the current hidden layer.

. Cell state update: Update the long-term memory by com-
bining the results of the forget gate and input gate.

Cy = Cy1fy + Chiy 1)

In the formula, C'; and C;_q are the cell state vectors at the
current time step and previous time step, respectively.

. Output gate: Determines the output of the current hidden
state (short-term memory).

(22)

Ot = 6(Wo : [htfhxt] + bo])
ht = Ot tanh(Ct)

In the formula, O; represents the output gate, W, the
weight matrix connecting the input and the neurons in the
hidden layer, b, the bias of the output gate in the current
hidden layer, and & the hidden state at time ¢.
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Since LSTM model can only extract forward time-related
features, BILSTM model has emerged. This model makes
up for the defect that the unidirectional LSTM cannot ob-
tain bidirectional feature information during training and
has higher accuracy and better performance. To enable the
output layer to capture the time-related information of the
past and future, BILSTM is composed of LSTM modules
in both forward and backward directions. The outputs of
the forward and backward LSTMs are jointly transmitted
to the output layer, which not only fills the gap in time-
series information but also more comprehensively consid-
ers the sequence variation rules of the past and future. Its
calculation process is the same as that of LSTM, and Fig-
ure 3 shows the structure diagram of BiLSTM.

EHI ],;

#+1
LSTM
Forward

LSTM <—

FIGURE 3. BiLSTM structure.

2.8. CNN-BIiLSTM Model

CNN-BiLSTM model first uses CNN to perform convolution
operations on historical photovoltaic power decomposition data
and related data for feature extraction, and then uses BiLSTM
neural network to conduct in-depth mining of the data set, cap-
turing the correlation information between data, thereby real-
izing the prediction of photovoltaic power. The structure of
CNN-BIiLSTM is shown in Figure 4, where the CNN consists
of a convolution layer, a Rectified Linear Unit (ReLU) activa-
tion layer, and a max pooling layer; after the Flatten layer com-
pletes feature dimensionality reduction, it inputs the process-
ing results of CNN into the BiILSTM network. BiLSTM uses
its hidden layer and ReLU activation layer to conduct in-depth

v \
/ Input Layer Fatten

T

!

Convolutional BILSTM

Layer l

ReLU Activation
ReLU Activation Layer

Layer

l BILSTM

CNN

Fully Connected

Maximum Pooling L
ayer

Layer

|
. 4
Output Layer

FIGURE 4. CNN-BiLSTM structure.
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mining of the data, and then performs full connection opera-
tions to output the final prediction results.

3. THE MODEL IN THIS PAPER

Regarding the various weather parameters included in the pho-
tovoltaic data set, this study first conducts a systematic corre-
lation analysis. By calculating the correlation coefficients be-
tween weather-related features and setting a reasonable thresh-
old, the key weather-influencing factors that exhibit a strong
correlation with photovoltaic power are accurately screened out
— this process provides high-quality input features for subse-
quent modeling.

On this basis, K-shape clustering algorithm is used for pat-
tern recognition and clustering of preprocessed photovoltaic
power time series data. According to weather characteristics,
the time series data are clearly classified into power sequences
corresponding to three typical scenarios: sunny days, cloudy
days, and rainy days.

For each type of scenario-specific power data, CEEMDAN
method is first used for preliminary decomposition to obtain a
series of intrinsic mode components of different scales. Then,
the sample entropy of each component is calculated to quantify
the complexity and irregularity of each component. Based on
sample entropy characteristics of each component, secondary
clustering is performed to further divide the decomposed com-
ponents into three types of signals: high-frequency, medium-
frequency, and low-frequency — this step realizes the refined
extraction of multi-scale features of the power sequence.

Subsequently, following the secondary clustering, VMD
method is further applied to the above-classified high-
frequency signals for in-depth decomposition — aiming to
further explore the dynamic characteristics and potential laws
contained in the decomposed signals.

Finally, the multi-scale feature signals obtained through
CEEMDAN-VMD secondary decomposition are fused with
the key weather factor data screened out earlier, and the fused
data is sent as input variables to the CNN-BiLSTM model for
training. During model training, NGO algorithm is introduced
to conduct global optimization of its hyperparameters, and
the optimal combination of hyperparameters is found through
iteration — this optimization process constructs a photovoltaic
power prediction model with better prediction performance
than traditional models. Figure 5 illustrates the comprehensive
architecture of the proposed prediction system.

4. CASE ANALYSIS

4.1. Data

The comprehensive data set used in this paper is obtained from
Hebei Province, China, which contains detailed atmospheric
measurement data and photovoltaic system performance data,
specifically involving 7 dimensions of information, namely ra-
diation intensity, air temperature, humidity, wind speed, wind
direction, air pressure, and photovoltaic power. Since the pho-
tovoltaic power is almost zero at night, all nighttime data are
excluded in this study, and the outliers and missing data points

188

in the data are processed, resulting in 6250 valid samples. To
screen the characteristics of meteorological data, the study uses
Pearson correlation analysis to extract factors that have a strong
correlation with photovoltaic power, and the results of the cor-
relation analysis are shown in Figure 6.

Among the factors affecting photovoltaic power output, to-
tal radiation intensity, air temperature, wind speed, and wind
direction show a positive correlation with photovoltaic power,
while air pressure and humidity exhibit a negative correlation.
In terms of the degree of association, total radiation intensity
has the strongest correlation with photovoltaic power, followed
by humidity, and then air temperature. Based on this analysis
conclusion, total radiation intensity, humidity, and air temper-
ature are identified as the core factors influencing photovoltaic
power output. Therefore, these key variables are incorporated
into the prediction model as basic input features.

K-shape clustering algorithm is applied to classify historical
photovoltaic data, and the visualization of clustering results is
shown in Figure 7. Statistical analysis of meteorological con-
ditions reveals that within the time frame covered by the study,
there are 56 sunny days, 27 cloudy days, and 42 rainy days.
Specifically, on sunny days, the photovoltaic power generation
shows a relatively gentle parabolic fluctuation with changes in
solar radiation intensity. On cloudy days, due to the increased
thickness of cloud layers and changes in total cloud cover, at-
mospheric refraction effect is enhanced, and solar radiation is
correspondingly reduced, resulting in irregular fluctuations in
photovoltaic power. On rainy days, the high relative humid-
ity and increased water vapor hinder the effective reflected ra-
diation from the ground, thereby causing a decrease in photo-
voltaic power.

4.2. Secondary Decomposition of Signals

For the power data of sunny, cloudy, and rainy days, CEEM-
DAN method is first used for preliminary decomposition to ob-
tain a series of intrinsic mode functions of different scales. The
CEEMDAN results are shown in Figure 8.

Subsequently, the sample entropy value of each component
is calculated to quantify the complexity and irregularity of each
component. Based on sample entropy features, secondary clus-
tering is conducted to further classify the decomposed com-
ponents into three types of signals: high-frequency, medium-
frequency, and low-frequency. The high, medium, and low-
frequency signals are displayed in Figure 9.

After that, the VMD method is continuously applied to the
above-classified signals for in-depth decomposition, so as to
further explore the dynamic characteristics and potential laws
contained in the signals. The finally decomposed signals are
shown in Figure 10.

4.3. Model Evaluation Indicators

To effectively evaluate the prediction accuracy and perfor-
mance of the model, evaluation indicators are usually used
for quantitative analysis. In this paper, Mean Absolute Error
(MAE), Mean Squared Error (MSE), and Root Mean Square
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FIGURE 5. Comprehensive framework of the prediction model.

Error (RMSE) are adopted as the evaluation indicators of the (2) Mean Squared Error
model. MSE is the mean of the squares of prediction errors, and
(1) Mean Absolute Error its calculation formula is:
MAE represents the average of the absolute errors between 1 X 5
predicted values and actual values, and its calculation for- MSE = i Z (Yure,j — Yfore,j) (24)
mula is: j=1

(3) Root Mean Square Error

M
1
MAE = M Z [Yhure,j = Ytore, 1 (23) RMSE is the square root of the mean of the squares of

prediction errors, and its calculation formula is:

In the formula, M is the number of predicted points, ¥ire,; 1

M
the actual value of power generation, and ysor, ; the pre- RMSE = | — Z (Yhure.j — Ytore j)2 25)
dicted value of power generation. M =1
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TABLE 1. Main parameters of each model.
Model Weather Learning rate  Number of neurons  Regularization parameter
BILSTM, Cslum(ljy 0.0001 50 1.00e-5
. .00e-
CNN-BiLSTM ouly
Rainy
Sunny 0.001381901 21 1.39 e-4
NGO-CNN-BiLSTM  Cloudy  0.002954543 23 4.21e-4
Rainy 0.008157245 28 4.57 e-4
Corclation heatmap i TABLE 2. Results of different models.
Radiation 0.34 0.34 0.16 | -0.02 | -0.10 08
Temperature | 0.34 -0.07 | 023 | 0.05 027 06 Weather Model MAE RMSE MSE
Humidity [0 -0.07 -0.12 | -0.18 | -0.14 9 04 BiLSTM 0.2585 0.3094 0.0957
Windspeed | 0.16 | 023 | -0.12 0.13 021 . CNN-BIiLSTM 0.2490  0.3365  0.1132
- 0 Sunny  NGO-CNN-BiLSTM  0.1762  0.2058  0.0424
Winddirection | -0.02 | 0.05 | -0.18 | 0.13 -0.11 | 0.05 02 Transformer 0.0924 0.1132 0.0128
Atmospheric pressure | -0.10 -0.14 0.11 -0.03 -0.4 Proposed Model 00755 00922 00085
Power 027 021 | 005 | 003 e BiLSTM 03129 04208 0.1771
P CNN-BILSTM 02922 04189  0.1755
LS G\Qe\ \\\ o ) Q X 2 .
. : '&i%s\@” Cloudy  NGO-CNN-BiLSTM ~ 0.2496 03745  0.1402
> Transformer 0.2549 03546 0.1257
FIGURE 6. Results of correlation analysis. Proposed Model 0.2387 0.3357 0.1126
BiLSTM 0.3728 0.5084  0.2585
Cloudy Rainy CNN-BiLSTM 0.3566 0.4850 0.2353
Zo Zo Eo Rainy ~ NGO-CNN-BIiLSTM 03389  0.4728 0.2235
2 2 2 Transformer 02342 03072 0.0944
g g 2! Proposed Model ~ 0.1975  0.2739  0.0750
s S s
g2 g £
£ £ £ /' G\
0 S 0 L 0 because it solely relies on the gating mechanism of LSTM units
point/1Smin point/1Smin point/5min to handle temporal correlations, lacking targeted extraction of

FIGURE 7. K-shape clustering results.

4.4. Comparison of Prediction Results

To verify the effectiveness of the model proposed in this
paper, four power prediction models, namely BiLSTM,
CNN-BILSTM, NGO-CNN-BIiLSTM, and Transformer, are
specifically selected for comparative experiments. Transformer
adopts default parameters, while the specific configuration
parameters of the other models are detailed in Table 1, and
their prediction performance is presented in Table 2.

To further demonstrate the effectiveness and accuracy of the
proposed model under different weather conditions, Figures 10
to 14 present photovoltaic power curves and evaluation index
values of the five models in various weather scenarios.

In terms of basic prediction capability, BILSTM, as a pure
time-series model, can capture long-term temporal patterns
such as diurnal cycles and seasonal trends of photovoltaic
power. However, it has limited ability to capture short-term
power fluctuations (e.g., sudden rises and falls caused by cloud
cover), leading to larger prediction errors, especially in meteo-
rologically unstable scenarios like cloudy or rainy days. This is
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local abrupt features.

CNN-BiLSTM compensates for the shortcomings of BiL-
STM by introducing a CNN module. The convolutional lay-
ers can effectively extract local features of photovoltaic power
(such as power jumps caused by sudden changes in radiation
intensity and short-term fluctuation patterns), which are then
processed by BiLSTM to capture temporal dependencies. As a
result, its overall prediction accuracy is superior to that of BiL-
STM. In scenarios with relatively smooth power curves (e.g.,
sunny days), the gap between the two models is relatively small;
however, in complex scenarios such as cloudy-to-sunny transi-
tions or short-term showers, CNN-BiLSTM shows more obvi-
ous advantages, better fitting nonlinear fluctuations of power.

NGO-CNN-BIiLSTM builds on CNN-BiLSTM by optimiz-
ing hyperparameters through NGO algorithm, addressing the
issue of “insufficient parameter adaptability” that may arise
from manual parameter tuning. In photovoltaic prediction, this
enables the model to more accurately match power character-
istics under different meteorological conditions. For example,
it can automatically adjust to a larger convolution stride to cap-
ture global trends for smooth curves on sunny days and opti-
mize a small convolution kernel to capture detailed changes for
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FIGURE 13. Results of sunny day forecast.

random fluctuations on rainy days. Thus, its prediction error
is further reduced compared to CNN-BiLSTM, and it performs
more stably, especially on data sets with mixed scenarios.

The core improvement of C-V-CNN-BiLSTM lies in the data
preprocessing stage: through the secondary decomposition of
CEEMDAN and VMD, the original photovoltaic power se-
quence is decomposed into high-frequency (short-term noise,
such as instantaneous cloud cover), medium-frequency (intra-
day fluctuations, such as the morning power rise phase), and
low-frequency (long-term trends, such as seasonal changes)
signals. This decomposition allows the model to learn features
of each frequency band in a targeted manner, reducing inter-
ference from the mutual mixing of different frequency compo-
nents during model learning. In practical prediction, its adapt-
ability to complex meteorological scenarios is significantly en-
hanced.

The proposed model in this paper integrates the above ad-
vantages: secondary decomposition achieves refined decom-
position of power signals; the NGO algorithm optimizes the
model’s adaptability to features of different frequency bands;
and the combination of CNN and BiLSTM balances local fea-
ture extraction and temporal correlation modeling. In photo-
voltaic prediction, this model performs optimally across all sce-
narios — it can accurately capture the parabolic trend on sunny
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days, effectively fit random fluctuations on cloudy days, and
achieve smaller prediction errors for power troughs on rainy
days.

Relying on the self-attention mechanism to capture long-
term temporal dependencies, the Transformer exhibits out-
standing performance in handling long-range correlations such
as cross-day cycles. However, its multi-head attention structure
leads to a large number of parameters and low computational
efficiency. Additionally, it has weak capability in capturing
short-term sudden change features of photovoltaic power (e.g.,
abrupt power drops caused by cloud shading). In complex me-
teorological scenarios, it is prone to significant errors due to the
dilution of local features by global information.

The method proposed in this study specifically addresses the
aforementioned issues through a cascaded mechanism of “sec-
ondary decomposition (CEEMDAN-VMD) + NGO optimiza-
tion + CNN-BiLSTM”: The decomposition module first sepa-
rates the high-, medium-, and low-frequency components of the
power sequence, enabling the model to focus on learning fea-
tures of each frequency band. The CNN-BiLSTM combination
balances the extraction of local fluctuations and the modeling of
temporal correlations, adapting to the nonlinear characteristics
of photovoltaic power.

The hyperparameters optimized by the NGO algorithm fur-
ther balance the model’s accuracy and efficiency.

In summary, from single time-series modeling to the in-
tegration of “decomposition-optimization-hybrid network”,
the models’ adaptability to the nonlinear and non-stationary
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FIGURE 15. Results of ablation experiments.
TABLE 3. Optimal hyperparameter.
Weather Learning rate  Number of neurons  Regularization parameter

IMF1  0.00568849 14 6.10e-5

IMF2  0.002861757 15 1.36e-4

Sunny  IMF3  0.006139866 14 1.97¢-5

IMF4  0.00383468 20 1.21e-4

IMF5  0.008901037 27 3.13e-4

IMF1  0.00919515 23 1.02¢-6

IMF2 0.01 19 2.52¢e-4

Cloudy IMF3  0.002160373 18 3.93e-4

IMF4  0.005628152 34 6.52¢-4

IMF5  0.008567446 42 1.00e-3

IMF1  0.004613326 18 4.56e-5

IMF2  0.004902249 25 1.01e-6

Rainy  |MF3 0.001190368 42 6.91e-5

IMF4  0.000783476 40 1.39¢-4

IMF5  0.004089647 23 4.03 e-4

characteristics of photovoltaic power has gradually improved.
Among them, the proposed model in this paper exhibits the
most significant advantages in prediction accuracy and stability
under complex meteorological conditions.

4.5. Ablation Experiments

This study incorporates four key components: secondary de-
composition, K-shape clustering, NGO (Northern Goshawk
Optimization), and CNN-BiLSTM. To verify that these com-
ponents contribute to improving the model accuracy, ablation
experiments were conducted from the following three aspects:

(1) wo/ngo: The NGO component is removed.

(2) wo/k-s:
moved.

The K-shape clustering component is re-

(3) wo/sd: The secondary decomposition component is re-
moved.

Figure 15 presents the results of the ablation experiments.
The experiments demonstrate that K-shape scenario clustering,
CEEMDAN-VMD secondary decomposition, and NGO hyper-
parameter optimization are all key modules for improving the
model’s prediction accuracy, and there is a synergistic effect
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among the three. Specifically, K-shape clustering provides
a clear scenario foundation for feature extraction; secondary
decomposition supplies high-quality multi-scale features for
model input; and NGO optimization ensures that the model is
fully adapted to the features of each scenario. These results
further verify the rationality of the model architecture design
proposed in this study.

4.6. Analysis of Model Hyperparameters and Efficiency

The model in this paper mainly considers the optimal config-
uration of three types of key hyperparameters: learning rate,
number of neurons, and regularization parameters.

A too small learning rate will lead to slow model conver-
gence, failing to capture the dynamic changes of photovoltaic
power in a timely manner, while a too large one will cause oscil-
lations in the training process, making it difficult to achieve sta-
ble convergence. An insufficient number of neurons will result
in the model’s inability to fully learn the temporal characteris-
tics of power, easily leading to underfitting; an excessive num-
ber, on the other hand, will increase redundant computations
and may cause overfitting. A too small regularization param-
eter makes the model prone to overfitting in complex weather
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scenarios, while a too large one will weaken the model’s fitting
ability.

Northern Goshawk Optimization (NGO) algorithm, by sim-
ulating “exploration-exploitation” mechanism, can efficiently
locate the optimal configuration of the three within a reasonable
parameter search space, avoiding problems such as unbalanced
learning rates, inappropriate number of neurons, and deviations
in regularization parameters. The results of the optimal hyper-
parameter configuration are shown in Table 3.

When training on a data set with only 4,375 samples, this
study needs to perform secondary decomposition on the pho-
tovoltaic power signals and train the decomposed components
separately — resulting in a training workload that is 5 times
that of other comparative models. Consequently, the total
single-round training time increases to 420.3 seconds. How-
ever, thanks to the efficient parameter search capability of NGO
optimization, the total convergence time is prevented from in-
creasing by 5 times. By contrast, CNN-BiLSTM model only re-
quires 132 seconds for training, and standalone BiLSTM model
takes merely 88 seconds. Although the proposed model in this
study demands more training time, it demonstrates significantly
superior performance in terms of prediction accuracy.

5. CONCLUSION

The characteristic of photovoltaic power generation lies in its
inherent volatility and uncertainty, which pose significant chal-
lenges to accurate forecasting. To tackle these challenges, this
study proposes a novel prediction model based on the K-shape-
NGO-CNN-BIiLSTM framework with secondary decomposi-
tion. The main objective is to utilize advanced technologies
to handle the nonlinearity and time dependence of photovoltaic
data, so as to improve the accuracy and reliability of photo-
voltaic power output prediction under different weather condi-
tions.

1. K-shape clustering accurately classifies typical scenar-
ios such as sunny days, cloudy days, and rainy days,
effectively stripping off the cross-interference of photo-
voltaic power characteristics under different weather con-
ditions. It provides a clear data foundation for subsequent
scenario-specific modeling and significantly enhances the
model’s adaptability to complex meteorological condi-
tions.

2. The secondary decomposition combining CEEMDAN and
VMD can decompose the photovoltaic power sequence
into signals of different frequencies, realizing the refined
analysis of multi-scale features such as instantaneous fluc-
tuations and intra-day trends. This reduces the interfer-
ence of signal aliasing on model learning and especially
improves the prediction accuracy in high-noise scenarios.

3. The optimization of CNN-BiLSTM hyperparameters by
the NGO algorithm can adaptively match the character-
istics of different scenarios. Combining the local feature
extraction capability of CNN with the time-series model-
ing capability of BILSTM forms an efficient feature learn-
ing mechanism, which takes both prediction accuracy and
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model stability into account in photovoltaic power predic-
tion.
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