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ABSTRACT: The inherent volatility and uncertainty associated with photovoltaic (PV) power generation present significant challenges
to maintaining grid stability. As the level of PV integration into the grid continues to rise, the importance of accurately predicting its
power output becomes increasingly critical. This study presents a new PV power prediction model utilizing K-means++-Bidirectional
Long Short-Term Memory (BiLSTM)-Transformer framework. Initially, the Pearson correlation coefficient is computed to determine
the key factors influencing the prediction of PV power significantly. Following this, the K-means++ clustering algorithm is applied
to analyze historical power data, categorizing it into three distinct groups corresponding to different weather conditions. Finally, the
BiLSTM-Transformer architecture is employed to develop a power output prediction model tailored for the three weather scenarios.
The prediction model is subsequently optimized using Bayesian methods to determine the optimal model configuration for each specific
weather condition. Experimental findings demonstrate that the proposed K-means++-BiLSTM-Transformer similar day PV power pre-
diction model exhibits superior accuracy, enhanced generalization, and increased robustness compared to alternative prediction models.

1. INTRODUCTION

Over the past few years, solar power generation, character-
ized by its clean and renewable nature, has progressively

displaced traditional thermal power generation within the en-
ergy sector and has achieved extensive application [1]. How-
ever, the rapid growth of PV installed capacity poses chal-
lenges. The large-scale integration of PV power into the elec-
trical grid has become a notable challenge to the stability of
the grid system. Moreover, the intermittent and highly variable
characteristics of PV power further complicate management ef-
forts [2, 3]. Thus, accurate prediction of PV output is essential
for ensuring grid stability and improving the efficiency of en-
ergymanagement systems. By increasing the reliability of solar
power generation forecasts, operators can better balance supply
and demand, thereby enhancing overall grid performance. Im-
proved forecasting accuracy directly contributes to more effec-
tive resource allocation and supports the development of robust
energy management frameworks in modern power networks.
Contemporary PV forecasting methods fall into three main

categories: physical models, statistical techniques, and artifi-
cial intelligence (AI)-based approaches. Physical methods sim-
ulate solar conversion processes, and statistical tools analyze
historical data patterns, while AI-based solutions employ ad-
vanced machine learning algorithms [4–8]. Ref. [9] suggests
utilizing temporal patterns in PV system operations to enhance
output forecasting accuracy. The approach focuses on analyz-
ing sequential data to capture solar generation dynamics, offer-
ing improved predictive performance through time-series anal-
ysis. However, the physical modeling process is complex, and
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the prediction effect is not good under extreme weather con-
ditions. Although the autoregressive method was used in [10]
and [11] to predict PV power, the statistical method relied on a
large amount of historical data and had limited ability to extract
non-stationary information in time series. In contrast, AI-based
algorithms can dig deep into time series information, and the
model has strong self-learning capabilities, showing significant
advantages.
Advances in machine learning and deep learning have

greatly enhanced PV power forecasting, with AI-driven
methods achieving significant success. These approaches
have markedly improved prediction accuracy, proving their
effectiveness in solar energy generation forecasting. Lee and
Kim [12] proposed a Recurrent Neural Network (RNN)-based
framework adept at capturing long-term dependencies in
sequential data, improving pattern recognition across extended
time intervals in PV generation records. The model also
mitigates the vanishing gradient problem, enhancing training
stability. However, it overlooks key weather factors such as
solar irradiance and cloud cover, potentially reducing forecast
accuracy and practical applicability. Ref. [13] proposed a
PV power prediction model combining improved C-mean
clustering with Long Short-Term Memory (LSTM), achieving
better historical sample classification and prediction accuracy.
However, the model lacks hyperparameter optimization, which
is essential for performance enhancement. In [14], a power
prediction model integrating Convolutional Neural Network
(CNN), BiLSTM, and attention mechanisms was developed to
minimize the loss of key historical information. Tests on actual
power data showed significant accuracy improvements, though
the model did not account for weather variations, leading to
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potential performance fluctuations under different meteoro-
logical conditions. Ref. [15] presented a Transformer-based
PV power prediction model, analyzing factors like irradiation
intensity and PV array direction to build predictive models.
Multi-site experimental validation confirmed its ability to
capture long-term temporal dependencies, demonstrating
consistent performance across diverse locations. However,
the modeling process did not differentiate between various
weather conditions, which may lead to variations in model
performance across different meteorological scenarios. In
this context, [16] introduced a hybrid model combining
optimized K-means clustering, gray relational analysis, and
Elman networks, offering enhanced predictive capabilities
through integrated analytical approaches. The optimized
K-means method clusters historical power data, identifying
days with patterns similar to those of the forecast target.
This approach enhances prediction accuracy through relevant
historical sample selection. The power and meteorological
data from these similar days were then fed into the model for
training purposes. Compared with several other prediction
methods, this approach demonstrated significantly reduced
errors and higher prediction accuracy. Given that PV power
prediction involves long time series forecasting, the prediction
model must possess a strong capability to capture information
within the time series. According to the literature [17–19],
K-means++ demonstrates certain advantages over several
common clustering methods. For instance, compared to Fuzzy
c-means clustering, K-means++ has lower computational
complexity and produces more distinct clustering results. In
comparison to hierarchical clustering, K-means++ is more
computationally efficient, and its algorithmic logic is relatively
simple, making it easier to implement. Compared to the
standard K-means clustering, K-means++ offers better initial
centroid selection, resulting in more stable outcomes and faster
convergence.
This study presents a novel forecasting framework that inte-

grates K-means++ clustering, BiLSTM networks, and trans-
former architecture to address limitations in PV power pre-
diction. During preprocessing, Pearson correlation analysis
identifies key meteorological factors linked to PV output, fol-
lowed by K-means++ clustering of historical data. For each
weather type, a BiLSTM-Transformer model is developed for
predictions. Bayesian optimization is applied to fine-tune crit-
ical parameters, significantly enhancing model performance.
This method systematically identifies optimal configurations,
improving the predictive power of the combined BiLSTM-
Transformer structure. The tuning process ensures more accu-
rate and reliable forecasts through optimized parameterization.
BiLSTM networks excel at handling long sequences by captur-
ing both past and future information, enriching feature extrac-
tion. The Transformer model complements this by efficiently
capturing global sequence characteristics. Its multi-head atten-
tion mechanism extracts features across different positions and
performs parallel computations in multiple subspaces, enabling
a comprehensive representation of complex temporal relation-
ships. This ensures robust feature learning across diverse time
scales and patterns in the input data.

2. RESEARCH METHODS

2.1. Pearson Correlation Coefficient
Pearson correlation coefficient serves as a quantitative indica-
tor for assessing linear relationships between paired variables,
with its numerical values spanning from perfect negative corre-
lation (−1) to perfect positive correlation (1). An explanation
of the numerical range and correlation of this coefficient is pro-
vided in Appendix A. The mathematical representation of this
statistical measure is expressed through the following equation.

ρx,y =
E(XY )− E(X)E(Y )√

E(X2)− E2(X)
√
E(Y 2)− E2(Y )

(1)

where ρx,y quantifies the degree of linear correlation between
the meteorological variable X and generated power Y , where
E denotes the mathematical expectation.

2.2. K-Means++

K-means++ represents an advanced iteration of the conven-
tional K-means clustering method, primarily developed to mit-
igate the inherent limitations associated with the initialization
of cluster centroids in the standardK-means approach. Through
an optimized initialization process, K-means++ achieves bet-
ter clustering performance and reduces the impact of initial cen-
troid placement, thereby yielding more stable and reliable clus-
tering outcomes.
Arthur and Vassilvitskii, in 2007, presented a significant im-

provement over the conventional K-means method through its
refined approach to initial cluster center selection [20]. This
optimization ensures that the initial cluster centers are more
widely dispersed, thereby improving the overall clustering per-
formance. The implementation of the algorithm consists of the
following steps.

(1) A random sample is selected from the dataset to serve as
the first cluster center C1.

(2) Following this, the minimum distance between each data
point and the current cluster centers is computed. The like-
lihood of selecting each sample as the subsequent cluster
center is then determined using the following formula.

D(x)2∑
x∈X D(x)

(2)

where D(X) denotes the distance from sample x to the
closest cluster center.

(3) This selection process is iterated until the desired number
of cluster centersK is achieved.

(4) Once the centers are established, each sample is allocated
to the nearest cluster center.

(5) Subsequently, the centroid of each cluster is updated by
calculating the mean of all samples within that cluster.

Ci =
1

|ci|
∑

x∈ci
x (3)

where ci represents the set of samples in cluster i.
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FIGURE 1. LSTM structure.

(6) The final two steps are reassigning samples to the near-
est cluster and recalculating cluster centroids, when the
cluster centers stabilize. This methodology, known as K-
means++ algorithm, optimizes the initialization of cluster
centers, thereby improving both the reliability and preci-
sion of the clustering outcome.

2.3. BiLSTM Model
The BiLSTM neural network comprises two layers of LSTM
units: one layer processes the forward information of the
time series, while the other processes the reverse information.
LSTM networks, which incorporate memory cells and gating
mechanisms, improve traditional RNNs by addressing issues
related to short-term memory and gradient explosion [21, 22].
The architecture of an LSTM network includes three sigmoid
gating layers (forget gate, input gate, and output gate) as well as
a tanh-activated cell state layer, as depicted in Figure 1. How-
ever, the unidirectional transmission of parameters in LSTM
networks limits their ability to capture deep features within time
series data. In contrast, BiLSTMenhances feature extraction by
integrating both forward and reverse LSTM layers, allowing for
a more comprehensive analysis of temporal relationships and
maximizing the utilization of information from different time
points. The structural design of BiLSTM is illustrated in Fig-
ure 2, and its fundamental equations have been provided. In
short, BiLSTM enhances the ability to capture time series fea-
tures through the combination of forward and reverse LSTM
layers.
In Figure 1, the forget gate plays a critical role in identifying

and eliminating irrelevant information from the memory unit.
The mathematical expression for this operation is provided be-
low.

ft = σ(Wf · [ht−1, xt] + bf ) (4)
where ft represents the forget gate’s output; σ denotes the ac-
tivation function; Wf corresponds to the weight matrix asso-
ciated with the forget gate; bf signifies the bias term; ht−1

reflects the hidden state from the preceding time step; and xt

indicates the input at the current time step. The input gate is
responsible for selecting which new information should be re-
tained within the memory unit. The mathematical formulation
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FIGURE 2. BiLSTM structure.

for this process is provided below.

it = σ(Wi · [ht−1, xt] + bi) (5)
C̃t = tanh(WC · [ht−1, xt] + bC) (6)

where it denotes the activation output of the input gate, and
C̃ represents the candidate value of the new information. The
weight matrices for the input gate and candidate value are de-
noted by Wi and WC , respectively. Additionally, bi and bC
correspond to the bias terms for the input gate and candidate
value, respectively. The updated state of the memory unit is
represented by Ct, and the formula is as follows.

Ct = ft · Ct−1 + it · C̃t (7)

where Ct−1 represents the state of the memory unit at the pre-
ceding time step. The output gate is responsible for computing
the hidden state ht, which is derived using the following for-
mula.

Ot = σ(WO · [ht−1, xt] + bO) (8)
ht = Ot · tanh(Ct) (9)

whereOt denotes the activation output of the output gate, while
WO also represents the weight matrix associated with this gate,
and bO corresponds to the bias term of the output gate.

2.4. Transformer Model

The Transformer is a deep learning architecture designed
for sequence-to-sequence tasks, relying solely on attention
mechanisms and structured into an encoder-decoder frame-
work [23]. The encoder transforms the input sequence into
a high-dimensional vector representation, which is then
utilized by the decoder to produce the output sequence. Each
layer within the encoder consists of two main components:
a self-attention mechanism and a Feed-Forward Network
(FFN). These sublayers are connected via layer normalization
and residual connections. The decoder shares a comparable
architecture with the encoder, but it incorporates an extra
attention sublayer within every layer, which is specifically
designed to attend to the output generated by the encoder. The
Transformer processes sequence data in parallel, achieving
high computational efficiency and capturing long-range
dependencies through its attention mechanisms. Its structural
diagram is illustrated in Figure 3.
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FIGURE 3. Transformer model structure.

Positional Encoding (PE) is the positional relationship be-
tween the data in the sequence, and positional encoding needs
to be added before the data are input to the multi-head attention
layer. In this paper, a sinusoidal function of different frequen-
cies is used to represent the positional relationship between the
data.

PE(k, 2u) = sin(k/100002u/m) (10)
PE(k, 2u+ 1) = cos(k/100002u/m) (11)

where k represents the time step, u the feature dimension,
and m the length of the input sequence. The multi-head self-
attentionmechanism is employed tomodel relationships among
data points at various positions, and its computation is ex-
pressed as follows.

MultiHead(Q,K, V )=Concat(head1, . . . , headh)WO(12)
headn =Attention(Qn,Kn, Vn) (13)

Attention(Q,K, V )= softmax
(
QKT

√
dk

)
V (14)

where the multi-head self-attention mechanism is denoted as
MultiHead; Q, K, and V correspond to the query, key, and
value matrices respectively. These matrices are associated with
trainable weight parameters. The variable n signifies the total
number of attention heads utilized in the mechanism. Attention
represents the attention mechanism. Additionally, dk, which
corresponds to the number of columns in the matrix, is explic-
itly defined to clarify the structural dimensions involved in the
computation.

FFN builds upon the attention mechanism to extract addi-
tional features, thereby enhancing the model’s expressiveness.
The FFN is composed of two linear transformations, which can
be expressed as follows.

FFN(δ) = ReLU(δW1 + b1)W2 + b2 (15)

where FFN represents the feedforward network; δ represents
the input data;W1,W2 correspond to the weight matrix; b1 and
b2 denote the bias item.

2.5. Bayesian Optimization

The essence of Bayesian optimization algorithms is based on
probabilistic surrogate models and sampling functions [24].
The probabilistic surrogate model approximates the objective
function by constructing a surrogate function, fitting the objec-
tive function with a small number of known points and contin-
uously modifying the prior probability through iteration. The
sampling function samples the areas that are not fully explored
by the surrogate function and the areawhere theminimumvalue
is most likely to occur, and gradually updates the surrogate
function to bring it closer to the real objective function until
the loss function reaches a minimum. The Bayesian hyperpa-
rameter optimization steps are as follows:

(1) The initialization point is randomly generated, and the
Gaussian process is estimated and updated.

(2) The sampling function is used to guide the new sampling.
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FIGURE 4. K-means++-BiLSTM-Transformer PV power prediction model framework.

(3) The objective function is evaluated on the newly selected
sampling point, and the new sampling point and its perfor-
mance indicators are fed back to the surrogate model. The
probabilistic surrogate model is updated.

(4) Repeat steps (2)–(3) to optimize the surrogate model step
by step.

(5) The optimization procedure concludes upon reaching the
predefined maximum iteration count.

2.6. K-Means++-BiLSTM-Transformer Model
The output of PV systems exhibits significant variability due
to meteorological factors, with datasets belonging to identical

categories potentially demonstrating markedly different char-
acteristic distributions. When predictive models are used to
learn and forecast power generation, interference from irrele-
vant data may affect the learning process, thereby reducing pre-
diction accuracy. To address this issue, the K-means++ algo-
rithm was employed to cluster the PV power data and develop
prediction models tailored to different weather conditions. PV
power forecasting represents a specialized domain within time-
series analysis, where the effectiveness and precision of fore-
casting models are fundamentally dependent on the capacity to
identify and process temporal characteristics within historical
datasets. By employing the BiLSTM network to model histor-
ical PV power data, the forward LSTM captures the forward

195 www.jpier.org



Liang et al.

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

Input … …

BiLSTM 

Transformer

FC

… …

……… …

… …

…

Output

FIGURE 5. BiLSTM-Transformer model structure.

temporal information while the backward LSTM captures the
backward temporal information within the time series, thereby
enhancing prediction accuracy. Moreover, the Transformer ar-
chitecture, through its innovative integration of multi-head self-
attention mechanisms and FFN networks, demonstrates supe-
rior capability in performing comprehensive data analysis and
extracting global patterns. This structural design enables the
model to establish long-range dependencies and process com-
plex relationships within the data more effectively than tra-
ditional approaches. Building upon the previously discussed
methodologies, this study introduces a novel approach for PV
power forecasting in short-term scenarios, utilizing a hybrid
architecture that combines K-means++-BiLSTM-Transformer
components. Figure 4 presents the comprehensive architecture
of the proposed prediction system, while Figure 5 provides a de-
tailed visualization of the BiLSTM-Transformer network con-
figuration. Within this architecture, the Transformer’s encod-
ing module serves as the fundamental building block for model
construction.
The proposed model’s input features incorporate both atmo-

spheric condition parameters and past PV generation records.
The data are formatted as a matrix of size M × N , where M
denotes the temporal dimension of the input sequence, and N
denotes the information content at each time point within the
series. The data with the size of M ×N is input into the BiL-
STM network, and the information on different time scales is

learned through the bidirectional LSTM network, which effec-
tively captures the relevant information between the data in the
long time series. Subsequently, the feature representations gen-
erated by the BiLSTM architecture are fed into the Transformer
module. The multi-head attention component processes these
features to capture positional dependencies across various lo-
cations in the sequence. Then, the nonlinear transformation is
carried out through the FFN. To facilitate effective information
flow and gradient propagation, residual connections are imple-
mented at two critical stages: following the multi-head atten-
tion computation and after the FFN processing. In the final
stage, the feature representations processed by the Transformer
module are fed into the Fully Connected (FC) layer, which per-
forms a dimensionality reduction to generate the ultimate pho-
tovoltaic power generation prediction.

3. EMPIRICAL RESULTS

3.1. Data
This research employs a comprehensive dataset collected from
a selected area within Guangdong Province, China contain-
ing detailed atmospheric measurements alongside chronolog-
ical records of PV system performance, including eight dimen-
sions: PV power, total irradiation intensity, temperature, wind
speed, air pressure, humidity, total cloud cover, and precipita-
tion. Because the PV power at night is almost zero, this study
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FIGURE 6. Pearson correlation analysis.

FIGURE 7. Clustering results.

excludes the data at night and processes the anomalous values
and missing data points in the data, and finally obtains 5439
valid samples.
The characteristics of meteorological data were screened by

Pearson correlation analysis, and the factors strongly correlated
with PV power were extracted. The experimental outcomes and
corresponding analysis are visually presented in Figure 6.
Total radiant intensity, air temperature, and air pressure ex-

hibit positive correlations with PV power output, whereas wind
speed, humidity, and total cloud cover show negative correla-
tions. Specifically, the correlation between total radiant inten-
sity and PV power is the most significant, followed by humid-
ity, and then air temperature. Based on these findings, total
radiant intensity, humidity, and air temperature were identified

as the primary factors influencing PV power output. These crit-
ical variables were consequently selected as fundamental input
features for the forecasting framework.
Clustering is based on historical PV data, and Figure 7 pro-

vides a visual representation of the clustering results. The
analysis of meteorological conditions revealed a distribution of
52 clear-sky days, 27 overcast days, and 32 precipitation days
within the study period. On sunny days, the power output of
PV generation follows a relatively smooth parabolic trend as
solar irradiation intensity changes. In contrast, on cloudy days,
increased cloud thickness and variations in total cloud cover en-
hance atmospheric refraction and reduce solar irradiation, lead-
ing to random fluctuations in PV power. On rainy days, high
relative humidity and increased water vapor content block ef-
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TABLE 1. Main parameters of each model.

Model Weather Epoch Learning rate Hidden dim

BiLSTM
Sunny

200 1e-3 64Cloudy
Rainy

BiLSTM-Bayesian
Sunny 95 9e-4 27
Cloudy 112 9e-4 95
Rainy 95 1e-5 27

BiLSTM-Transformer
Sunny

200 1e-3 64Cloudy
Rainy

Proposed model
Sunny 95 9e-4 32
Cloudy 52 1e-3 16
Rainy 52 9e-4 32

TABLE 2. Evaluating the predictive performance across various models.

Weather Model MAE(%) MSE(%) RMSE(%)

Sunny

RF 3.62 45.81 6.77
BiLSTM 3.06 44.42 6.66

BiLSTM-Bayesian 3.03 28.21 5.31
BiLSTM-Transformer 0.11 0.03 0.19

Proposed model 0.07 0.02 0.14

Cloudy

RF 2.34 11.93 3.45
BiLSTM 3.93 33.53 5.79

BiLSTM-Bayesian 2.73 14.70 3.83
BiLSTM-Transformer 0.49 0.68 0.83

Proposed model 0.36 0.26 0.52

Rainy

RF 5.53 81.59 9.03
BiLSTM 8.79 182.73 13.52

BiLSTM-Bayesian 5.51 70.72 8.41
BiLSTM-Transformer 0.25 0.15 0.38

Proposed model 0.22 0.14 0.37

fective ground-reflected radiation, resulting in a decrease in PV
power output.

3.2. Performance Evaluation
The proposed methodology employs three widely recognized
performance metrics for model evaluation: Mean Squared Er-
ror (MSE), Root Mean Squared Error (RMSE), and Mean Ab-
solute Error (MAE). These quantitative measures are mathe-
matically defined by the following equations, which provide
standardized methods for assessing prediction accuracy.

MSE =

N∑
n=0

(ŷi − yi)
2

N
(16)

RMSE =

√√√√√ N∑
n=0

(yi − ŷi)

N
(17)

MAE =

N∑
n=0

|yi − ŷi|

N
(18)

where yi represents the actual power measurement at the ith
time interval, ŷi the corresponding predicted value at the same
temporal point, andN the complete count of data instances con-
tained within the testing dataset, serving as the normalization
factor for the evaluation metric.

3.3. Forecasting results
To evaluate the efficacy of the proposed PV power prediction
model, which incorporates the K-means++-BiLSTM-
Transformer methodology, comparative experiments are
conducted with four other power prediction models, including
Random Forest (RF), BiLSTM, BiLSTM-Bayesian, and
BiLSTM-Transformer. Default parameters are selected for
the RF model. The specific configurations of the models
are outlined in Table 1, and Table 2 displays the predictive
performance for each respective model.
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FIGURE 8. Prediction curves under sunny conditions. FIGURE 9. Prediction curves under cloudy conditions.

In Table 2, the proposed K-means++-BiLSTM-Transformer
combined PV power prediction model outperforms the other
three comparison models under three different weather con-
ditions. The K-means++-BiLSTM-Transformer model ex-
hibits low prediction errors and high accuracy. On sunny
days, the errors were reduced by 3.55%, 45.79%, and 6.63
compared with RF; 2.99%, 44.40%, and 6.52% compared
with BiLSTM; 2.96%, 28.19%, and 5.17% compared with
BiLSTM-Bayesian; and 0.04%, 0.01%, and 0.05% compared
with BiLSTM-Transformer. Under cloudy conditions, the er-
rors were reduced by 1.98%, 11.67%, and 2.93% compared
with RF; 3.57%, 33.27%, and 5.27% compared with the BiL-
STM model; 2.37%, 14.44%, and 3.31% compared with the
BiLSTM-Bayesian model; and 0.13%, 0.42%, and 0.31% com-
paredwith the BiLSTM-Transformermodel. On rainy days, the
errors are reduced by 5.31, 81.45%, and 8.66% compared with
RF; 8.57%, 182.59%, and 13.15% compared with BiLSTM;
5.29%, 70.58%, and 8.04% compared with BiLSTM-Bayesian;
0.03%, 0.01%, and 0.01% less than BiLSTM-Transformer.
To further demonstrate the effectiveness and accuracy of the

K-means++-BiLSTM-Transformer combined PV power pre-
diction model under various weather conditions, Figures 7 to 9
present the PV power curves and evaluation index values for the
four models, considering diverse weather scenarios. As shown
in Figure 8, the data on a sunny day are relatively smooth,
with low volatility and stable amplitude, which is more pro-
nounced than rainy days. In terms of overall error data, the
K-means++-BiLSTM-Transformer model demonstrates pre-
diction outcomes that are more aligned with the actual values,
exhibiting lower error indices than the three other benchmark
models.
On a cloudy day, as depicted in Figure 9, the PV power ex-

hibits significant fluctuations with an amplitude slightly lower
than that observed on a sunny day. Both the stability and
trend are reduced, leading to increased prediction errors. De-
spite these challenges, the K-means++-BiLSTM-Transformer
model maintains its ability to precisely forecast PV power at a

majority of sampling points, demonstrating its superior predic-
tion performance.
In the case of rainy weather, as shown in Figure 10, the K-

means++-BiLSTM-Transformer model proposed in this study
demonstrates the ability to capture the overall trend of changes
even under heightened weather complexity, outperforming
other models in terms of prediction accuracy. Compared to
sunny and cloudy days, the data fluctuates more, and the
amplitude is reduced. The results show that other prediction
models fluctuate greatly at some sampling points and have
a low degree of fitting with active power, indicating that the
prediction models cannot capture and process the effective
information of the time series well.
Compared with the prediction models BiLSTM and

BiLSTM-Transformer without hyperparameter optimization,
the optimization of hyperparameters notably enhances the
model’s performance. Table 2 and Figure 11 demonstrate
that the prediction model with Bayesian hyperparameter
optimization exhibits lower errors than the BiLSTM model
across three distinct weather conditions. For example, in the
cloudy case, the indicators of the Bayesian-optimized BiLSTM
model decreased by 1.20%, 18.83%, and 5.11%, respectively.
In comparison with the integrated BiLSTM-Transformer

forecasting approach, both the conventional RF and individual
BiLSTM models show considerably greater inaccuracies
in their predictions. As shown in Table 2 and Figure 11, ,
the hybrid BiLSTM-Transformer framework demonstrates
significantly better performance across three distinct meteo-
rological scenarios, achieving substantially smaller prediction
errors than individual baseline models. For instance, during
clear weather, the integrated system decreases inaccuracies
by 2.95%, 44.39%, and 6.47%, respectively, when being
measured against the stand-alone BiLSTM framework.
During training on a dataset comprising 2030 data samples,

the proposedmodel takes 113 seconds to complete when using a
CPU. In contrast, the stand-alone BiLSTMmodel requires only
45 seconds. RF requires approximately 13 seconds. Despite
the extended training duration of the proposed model relative
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FIGURE 10. Prediction curves under rainy conditions.
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to comparative models, empirical results indicate that it attains
superior predictive accuracy.
In summary, the K-means++-BiLSTM-Transformer model

demonstrates superior performance under both sunny and rainy
conditions. It achieves lower MAE, MSE, and RMSE values,
thereby validating the high accuracy of the proposed prediction
method.

4. CONCLUSIONS
PV power generation is characterized by inherent volatility and
uncertainty, posing significant challenges for accurate fore-
casting. To address these challenges, this study proposes a
novel prediction model based on the K-means++-BiLSTM-
Transformer framework. The primary objective is to improve
the accuracy and reliability of PV power output predictions
under diverse weather conditions, leveraging advanced tech-
niques to handle the nonlinear and time-dependent nature of
PV data.
(1) The study begins by employing Pearson correlation anal-

ysis to identify the three most influential meteorological factors
affecting PV output power. This step reduces input data di-
mensionality and minimizes redundancy. Subsequently, the K-
means++ algorithm clusters the data into three distinct weather
conditions, enabling the model to adapt to varying environmen-
tal scenarios.
(2) The BiLSTM-Transformer model is developed to cap-

ture temporal dependencies and complex patterns in the data.
The clustered weather data are fed into the model, and Bayesian
optimization is applied to fine-tune hyperparameters. This ap-
proach ensures parameter optimization tailored to specific me-
teorological conditions, enhancing model robustness across di-
verse weather scenarios.
(3) The model’s performance is evaluated under three dis-

tinct weather conditions using a triad of evaluation criteria.
Comparative analysis reveals that the proposed model outper-
forms existing approaches, particularly in accuracy and reliabil-

ity for extended temporal sequences. The results demonstrate
the model’s ability to deliver precise and stable predictions un-
der varying environmental conditions.
The proposed method has been validated solely within a sin-

gle photovoltaic power station. To enhance the model’s gener-
alizability, future research will involve its application and eval-
uation across diverse photovoltaic power stations.
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APPENDIX A

Correlation coefficient Degree of correlation

0.8–1.0 Very Strong

0.6–0.8 Strong

0.4–0.6 Moderate

0.2–0.4 Weak

0.0–0.2 Very weak

APPENDIX B

Full form Abbreviations

Random Forest RF

BiLSTM B

BiLSTM-Bayesian BB

BiLSTM-Transformer BT

Proposed model P
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