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ABSTRACT: The intermittency of wind power poses severe challenges to the safe and stable operation of power
grids, while conventional forecasting models are deficient in prediction accuracy and adaptability to variable weather
conditions. To address these issues, this study proposes an adaptive short-term wind power forecasting model integrat-
ing affinity propagation (AP) clustering and a black-winged kite algorithm (BKA)-optimized temporal convolutional
network-bidirectional long short-term memory (TCN-BiLSTM) hybrid architecture. First, mutual information was
employed to screen key meteorological features, and AP clustering categorized historical data into six distinct weather
scenarios. A scenario-specific TCN-BiLSTM model was then constructed for each cluster: TCN was utilized to capture
multi-scale local temporal features, while BiLSTM modeled global sequence dependencies, with BKA implementing
global hyperparameter optimization. Final predictions were generated by invoking the model corresponding to the
nearest cluster center. Comparative experiments against baseline models (LSTM, BiLSTM, CNN-LSTM, TCN-BiLSTM)
demonstrate that the proposed model achieves remarkable performance gains: normalized root mean square error
(nRMSE), normalized mean absolute error (nMAE), and normalized mean square error (nMSE) are reduced by
over 1.27%, 1.73%, and 12.09%, respectively, with the coefficient of determination (R2) reaching 0.9084. This verifies
substantial improvements in prediction accuracy and data fitting capability. The scenario-based modeling framework
combined with intelligent hyperparameter optimization effectively enhances the model’s adaptability to complex
weather, confirming its high accuracy and strong generalization for wind power forecasting tasks.
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1 Introduction
With the rapid advancement of wind power technology, the capacity of individual wind turbines

continues to increase. The number and scale of grid-connected wind farms are also expanding. As a
result, the wind power penetration level has significantly increased. However, the inherent randomness and
intermittency of wind power have notable impacts on power system stability, power quality, power flow
distribution, and dispatch strategies [1]. High-accuracy wind power forecasting is critical for secure and
economic grid dispatch, electricity market operation, and optimal control of wind farms [2].

Currently, existing short-term power forecasting mainly relies on models that learn the mapping
relationship between meteorological data and power output. In reference [3], the Long Short-Term Memory
(LSTM) network was applied to wind power forecasting. However, the prediction accuracy of the single
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LSTM model decreases as the length of the time series increases. In reference [4], a Convolutional Neural
Network (CNN) was adopted. The CNN extracts complex features from time series through multiple con-
volution layers. Due to its local connectivity and global parameter sharing properties, the CNN significantly
reduces training time and improves forecasting efficiency. In reference [5], heteroscedastic Support Vector
Regression (SVR) was used. Unlike conventional SVR models, the heteroscedastic SVR can effectively
capture the uncertainty in wind power, leading to improved prediction accuracy. While all above studies train
models by learning the meteorological-power mapping, each employs a single architecture for all weather
conditions. This lack of adaptability results in poor generalization, especially under complex meteorological
scenarios. As a result, significant prediction errors may occur in such cases.

In the deep learning framework for wind power forecasting, hybrid models have become the core
technical approach to boost prediction performance. In the deep learning framework for wind power
forecasting, hybrid models are the core approach to boost prediction performance. In reference [6],
AbdElkader et al. proposed an RNN-LSTM hybrid temporal architecture, which integrates Recurrent Neural
Networks (RNN)’s capacity to model local temporal correlations and Long Short-Term Memory Networks
(LSTM)’s advantage in capturing long-range temporal dependencies. The model achieved notable accuracy
gains in wind power forecasting, verifying the practical validity of hybrid temporal neural networks for
non-stationary wind power sequence data. In reference [7], Liu et al. deeply coupled three capabilities—
Convolutional Neural Networks (CNN)’s spatial feature extraction, Bidirectional Gated Recurrent Units
(BiGRU)’s bidirectional temporal perception, and the Attention mechanism’s key feature focusing—to
construct the CNN-BiGRU-Attention multi-module hybrid model. They also introduced the BKA algorithm
for global adaptive tuning of model hyperparameters, which balances feature extraction efficiency and
prediction stability, significantly enhancing short-term wind power forecasting reliability. Nevertheless, the
performance merits of the abovementioned hybrid model studies are mostly verified under conventional
meteorological conditions. When facing compound complex weather conditions, such models show obvious
deficiencies in cross-scenario generalization and anti-interference robustness, which severely restricts their
engineering deployment in the complex meteorological scenarios of actual wind farms.

On the other hand, some studies have attempted scenario-based modeling according to different
weather scenarios or power output patterns. In reference [8], the k-means clustering algorithm was used to
group meteorological variables. A separate neural network was built for each cluster, resulting in improved
prediction accuracy. However, the k-means algorithm requires the number of clusters and initial cluster
centers to be specified manually. Its clustering performance largely depends on these settings. In reference [9],
a method based on weather scenarios was proposed. Different datasets were used to forecast corresponding
weather conditions. However, historical meteorological data do not include explicit weather scenario labels.
These labels must be manually defined based on prior knowledge. Although the above studies perform
scenario-based modeling for different weather conditions and wind power peaks or valleys, the classification
methods used are often based on predefined rules or strong assumptions. A data-driven and dynamically
adaptive partitioning mechanism is lacking. As a result, the classification outcomes are not objective or
precise enough. This limits the ability to fully capture the meteorological-power relationships. Thus, further
improvements in forecasting accuracy are constrained [10].

In view of the above limitations, a model architecture that integrates AP clustering with BKA-TCN-
BiLSTM is proposed in this study. Experimental results show that the combination of scenario-based
modeling and intelligent optimization enhances the model’s adaptability to complex weather conditions.
This demonstrates that the proposed model achieves high wind power forecasting accuracy and strong
generalization capability.



Energy Eng. 2026;123(8):14 3

2 Overall Structure of the Prediction Model
The architecture of AP-BKA-TCN-BiLSTM adaptive model can be divided into training module and

prediction module, and the overall model construction process is shown in Fig. 1. The following describes
the modeling process from two aspects, namely, the steps of model construction and the content of
subsequent research:

Figure 1: Predictive modeling structure

(1) In the training phase, the correlation between each meteorological feature and the power sequence
is first quantified using mutual information values. Significant features are then selected to conduct
scenario clustering analysis. After high-correlation features are obtained, feature reconstruction is
conducted to optimize the data structure.

(2) The AP clustering algorithm is applied to the reconstructed feature dataset to perform unsupervised
classification. Several weather scenario types are generated in this way. For each scenario type, a BKA-
TCN-BiLSTM hybrid model is constructed and trained separately. The power sequence and feature
sequence are merged into a feature matrix, which serves as the input to the TCN layer. Benefiting from
the strong nonlinear feature extraction capability of TCN, potential correlations between wind power
and multi-dimensional features are captured. The extracted features are then input to the BiLSTM
network, enhancing the model’s ability to learn complex temporal dependencies. On this basis, the



4 Energy Eng. 2026;123(8):14

BKA optimization algorithm is introduced to globally optimize the hyperparameters of the TCN-
BiLSTM model. Finally, an optimal forecasting model is established for each weather scenario.

(3) In the prediction phase, the feature space distance between the sample to be predicted and each cluster
center is calculated first. The corresponding weather scenario type is then determined. The pre-trained
model for that specific scenario is subsequently called to perform power forecasting. This enables
precise and refined prediction output.

3 Theory of Correlation Algorithm

3.1 AP Clustering Algorithm
The AP clustering algorithm is a representative-point-based clustering method [11]. The concept of data

point preference is used to measure similarity. Negative Euclidean distances are used as similarity metrics
between data points. A matrix is constructed based on self-similarity and mutual similarity. Optimal cluster
centers are determined through iterative refinement. Data points are then clustered according to pairwise
similarity, ensuring clustering quality and determining the number of clusters.

AP clustering algorithm is based on the data similarity between Numerical Weather Prediction (NWP)
data.

S (i , k) = −∥xi − xk∥2 (1)

where: S(i, k) is the negative Euclidean distance, which represents the mutual correlation between NWPs on
each day; xi is the NWP time series on day i; xk is the NWP time series on day k. The AP clustering algorithm
is based on the data similarity (similarity) between NWPs.

The two mechanisms of responsiveness (R) and availability (A) are also applied to realize the selection
of the representative weather scenario, which in turn realizes the categorization of other weather scenarios
under the representative weather scenario.

R (i , k) = {S (i , k) −max j≠k {A(i , j) + S (i , j)} , i ≠ k
S (i , k) −max j≠k {S (i , j)} , i = k (2)

A(i , k) = {min{0, R (k, k) +∑ j≠i , j≠k max {0, R ( j, k)}} , i ≠ k
∑ j≠k max {0, R ( j, k)} , i = k (3)

A(i , k) = (1 − λ) × A(i , k) + λ × A(i , k)old (4)

where: R(i, k), R(i, k)old is the degree of attraction of the current, last campaign clustering representative
weather scenario k to other weather scenario i; λ is the damping factor; A(i, k), A(i, k)old is the degree to
which the current, last campaign clustering representative weather scenario k is supported by other weather
scenario i as a center of clustering. the larger the R(i, k) + A(i, k), the greater the likelihood of candidate data
point k as a clustering center. The transfer process is shown in Fig. 2.

In terms of determining the number of clusters, this study selects the final number of clusters based on
the principle of optimal clustering quality. The clustering quality evaluation adopts the internal evaluation
index system, which specifically contains the Davies-Bouldin (DB) index and the correction index based on
the Euclidean morphological distance, and its mathematical expression is as follows:
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(1) DB index
The DB indicator can comprehensively take into account the degree of agglomeration within clusters
and the degree of separation between clusters, and its calculation formula is as follows:

IDB =
1
K

K
∑
k=1

Rk (5)

Rk = max
k≠j

d (Xk) + d (X j)
d (Ck , C j)

(6)

where d(Xk) and d(Xj) are the average Euclidean distances between sample points and sample centers
in cluster Ck and cluster Cj, respectively, indicating the degree of aggregation between samples within
a cluster; d(Ck, Cj) is the average Euclidean distance between sample centers in cluster Ck and cluster
Cj, indicating the degree of separation between two different classes of clusters.

(2) Modified MDB (modified DB, MDB) metric based on Euclidean morphological distance

IMDB =
1
K

K
∑
k=1

max
k≠j

demd (Xk) + demd (X j)
demd (Ck , C j)

(7)

where demd(Xk) and demd(Xk) are the average Euclidean morphological distances between the sample
points and the sample centers in clusters Ck and Cj; and demd(Ck, Cj) is the average Euclidean
morphological distance between the sample centers in clusters Ck and Cj. IDB and IMDB both
combine the degree of intraclass clustering and the degree of interclass separation between any two
clusters as a ratio, so lower values represent higher clustering quality. When choosing the optimal
number of clusters, we generally look for the point of its minimal value.

Figure 2: AP clustering algorithm delivery process

Based on the historical sample set, meteorological conditions can be clustered into several typical
scenarios, but the prediction needs to determine the weather scenario to which the moment to be predicted
belongs, so as to use the power prediction model corresponding to the weather scenario to which the moment
belongs to make the prediction. Let AP clustering generate n weather scenarios, the clustering center of each
scenario is ci = [ci1, ci2, . . ., cim] (i = 1, 2, . . ., n), m is the number of weather feature dimensions, stored as
a matrix C ∈ Rn×m. In this paper, negative Euclidean distance is used to calculate the similarity between the
new samples and the clustering centers, and the mathematical expression is as follows.

s (x , ci) = −∑
m
k=1 (xk − ci k)2 (8)
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where s(x, ci) is the negative Euclidean distance between the new sample and the clustering center, x is the
feature vector of the new sample, ci is the clustering center vector of the ith scenario, xk is the kth original
eigenvalue of the new sample, and cik is the kth eigenvalue of the ith clustering center (k = 1, 2, . . ., m).

The scene corresponding to the clustering center with the largest similarity is selected and the
mathematical expression is as follows:

i∗ = arg maxi=1, . . . ,ns (x , ci) (9)

where i∗ is the index of the determined target scene category.

3.2 Black-Winged Kite Optimization Algorithm
The Black-Winged kite optimization algorithm [12] is a nature-inspired population intelligence opti-

mization algorithm proposed in 2024, which is inspired by the fact that Black-Winged kites exhibit
highly adaptive and intelligent behaviors during attacks and migrations. The mathematical model is briefly
described as follows.

(1) Population initialization
In BKA, creating a set of random solutions is the first step to initialize the population. The following
matrix is used to represent the location of each Black-Winged kite (BK):

BK =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

BK1,1 BK2,2 . . . . . . BK1,dim
BK2,1 BK2,2 . . . . . . BK2,dim
⋮ ⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮ ⋮
BKm ,1 BKm ,2 . . . . . . BKm ,dim

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(10)

where m represents the number of potential solutions; dim is the size of the given problem dimension;
and BKi,j is the jth dimension of the ith Black-Winged kite. Each Black-Winged kite is assigned a
position of:

Xi = BKl b + rand (BKub − BKl b) (11)

where i is an integer between 1 and m; BKlb and BKub denote the lower and upper bounds of the ith
Black-Winged kite in the jth dimension, respectively; and rand is a random value between [0, 1].

(2) Attack behavior
The two attack strategies of Black-Winged kites are hovering in the air waiting for an attack and
hovering in the air looking for prey. These strategies include different attack behaviors used for global
exploration and search. The following is the mathematical model of Black-Winged kite attack behavior:

n = 0.05 × e−2×( t
T )

2
(12)

yi , j
t+1 = {

yi , j
t + n (1 + sin (r)) × yi , j

t , p < r
yi , j

t + n × (2r − 1) × yi , j
t , el se

(13)

where yi , j
t and yi , j

t+1 denote the position of the ith Black-Winged kite in the jth dimension in the tth
and t + 1-th iteration, respectively; r is a random number between 0 and 1; p is a constant value of 0.9;
T is the total number of iterations; t is the number of iterations that have been completed by so far;
and n is a balance parameter.
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(3) Migration behavior
The migration behavior is led by a leader. If the current population’s fitness value is less than that of
a random population, the leader abandons its leadership and joins the migrating group. In contrast,
if the current population’s fitness value is higher, the leader guides the group to the destination. This
strategy allows for the dynamic selection of high-quality leaders, ensuring successful migration. The
mathematical model of the Black-Winged kite’s migration behavior is as follows:

m = 2 × sin (r + π/2) (14)

yi , j
t+1 =

⎧⎪⎪⎨⎪⎪⎩

yi , j
t + C (0, 1) × (yi , j

t − L j
t) , Fi < Fr i

yi , j
t + C (0, 1) × (L j

t −m × yi , j
t ) , el se

(15)

where, L j
t is the leader of the Black-Winged kite in dimension j in the tth iteration so far; yi , j

t and yi , j
t+1

are the position of the ith Black-Winged kite in dimension j in the tth and t+1st iteration, respectively;
Fi is the current position in dimension j obtained by any Black-Winged kite in the tth iteration; Fri is
the fitness value of the random position in dimension j obtained by any Black-Winged kite in the tth
iteration; C(0, 1) is the Cauchy mutation.

3.3 BKA-TCN-BiLSTM Model
The TCN preserves the spatial feature extraction capability of CNN [13,14]. The architecture of the TCN

is improved to enhance the processing of sequential information. Gradient vanishing and gradient explosion
are effectively avoided by the TCN. Low memory usage, stable gradients, high parallelism, and flexible recep-
tive field are achieved [15,16]. The BiLSTM extends the unidirectional processing mechanism of LSTM [17,18].
A bidirectional structure, consisting of forward and backward layers, is integrated. Bidirectional analysis of
temporal data is enabled. Both past and future information in wind power data are considered. The dynamic
characteristics of the wind power sequence are captured more comprehensively. Forecasting performance of
the model is thereby improved.

The TCN-BiLSTM model architecture comprises an input layer, a TCN layer, a BiLSTM layer, and an
output layer [19–21]. The core innovation of the structure lies in the integration of TCN and BiLSTM to
form a hierarchical feature processing and dynamic modeling mechanism [22–24]. Deep local features and
long-range dependencies are efficiently extracted by the TCN layer through dilated causal convolution and
residual connections. Advantages include fast parallel computation, large receptive field, and stable training.
These characteristics address the limitations of traditional recurrent neural networks in handling very long
sequences. The BiLSTM layer captures complex temporal dynamics and strong nonlinear mapping relation-
ships based on the feature sequences output by the TCN layer. This is achieved through a bidirectional gating
mechanism. Temporal fluctuations in wind power can be accurately modeled as a result. A decoupling and
deep collaboration between feature extraction and temporal modeling is achieved through the combination
of these two components. The TCN serves as a powerful feature extractor, providing high-dimensional and
robust feature representations for the BiLSTM. Based on these features, the BiLSTM performs fine-grained
temporal learning. The inherent limitations of single models are thereby avoided.

The hierarchical fusion architecture of TCN-BiLSTM is especially suitable for the key needs of wind
power forecasting: TCN is good at dealing with the long-period trend and spatial correlation of meteorolog-
ical factors affecting power, and BiLSTM is good at modeling short-term dramatic fluctuations and dynamic
response of power itself. The two complement each other’s strengths and work together to tackle the strong
non-stationarity, significant randomness, and complex spatiotemporal dependencies of wind power data,
providing a solid algorithmic foundation for improving prediction accuracy. The output layer ultimately
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maps the dynamic states learned by BiLSTM into power prediction values, and the model structure is shown
in Fig. 3.

Figure 3: TCN-BiLSTM framework

In this paper, BKA optimization algorithm is used to find the optimization of TCN-BiLSTM parameters.
The unique group collaboration and dynamic evolution mechanism of the BKA algorithm is utilized to
achieve efficient global exploration of model parameter combinations, in order to solve the problem that
traditional heuristic parameter tuning methods are prone to fall into the local optimum in multivariate
optimization scenarios, and then to enhance the ability of the TCN-BiLSTM model to capture the complex
features of the wind power sequence. The specific steps are as follows, and the flow chart is shown in Fig. 4.

4 Experimental Results and Discussion

4.1 Data Description
The data source is a wind farm in Northeast China with an installed capacity of 49.5 MW, and the actual

power and NWP data of the whole year of 2023 and January to April 2024 are used as the data samples
for the model, with a time resolution of 15 min and 96 daily sampling points, and the data are divided into
training set, validation set and test set according to the ratio of 8:1:1. In order to reduce the arithmetic pressure
and improve the efficiency of model training, so when conducting experiments, we firstly use the min-max
normalization method to eliminate the data magnitude, normalize the original data, and its mathematical
expression is as follows.

P′ = P − Pmin

Pmax − Pmin
(16)

where: P′ is the normalized data, P is the original wind power data, Pmax and Pmin are the maximum and
minimum values of the wind power series data, respectively.
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Figure 4: Flow of BKA optimization algorithm

4.2 Evaluation Metrics
In the prediction task, the evaluation index in regression analysis is usually used to measure the degree

of deviation of the model prediction results from the actual values. In this study, the normalized root mean
square error (nRMSE), the normalized mean absolute error (nMAE), the normalized mean square error
(nMSE) and the coefficient of determination (R2) are selected as the core indexes for model performance
evaluation, and its mathematical expression is as follows:
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nMSE = 1
n

n
∑
i=1
(P (i) − P̂ (i)

C
)

2

(17)

nRMSE =

�
���� 1

n

n
∑
i=1
(P (i) − P̂ (i)

C
)

2

(18)

nMAE = 1
n

n
∑
i=1
∣P (i) − P̂ (i)

C
∣ (19)

R2 = 1 −

n
∑
i=1
(P̂ (i) − P (i))2

n
∑
i=1
(P̂ (i) − 1

n

n
∑
i=1

P (i))
2 (20)

where P̂(i) is the predicted value of wind power; P(i) is the real value of wind power; C is the installed capacity
of wind farm; n is the number of test samples.

4.3 Parameter Setting
To enhance the predictive performance and learning capability of the models, the key parameters of

the TCN and BiLSTM architectures were systematically configured within predefined ranges. The primary
parameter settings for the TCN and BiLSTM models are summarized in Tables 1 and 2, respectively.

Table 1: Parameters of the TCN model

Model Num
filters

Filter
size

Num
blocks

Dropout
factor

Batch
size Epoch Optimizer Activation

TCN [10, 64] [1, 15] [1, 2] [0.01, 0.5] 50 100 Adam ReLU

Table 2: Parameters of the BiLSTM model

Model Hidden
layer

LSTM
layers

Learning
rate

Dropout
factor

Batch
size Epoch Optimizer Activation

BiLSTM [16, 64] 2 0.001 [0.01, 0.5] 50 100 Adam ReLU

4.4 Hyperparameter Sensitivity Analysis of BKA
To systematically evaluate the parameter sensitivity of the BKA optimization algorithm, single-factor

control experiments were conducted with fixed model architecture. Three critical parameters—population
size, maximum iteration count, and dynamic inertia weight—were analyzed based on predictive perfor-
mance metrics. Optimal parameter configurations were determined through trade-off analysis between
comprehensive performance and computational efficiency.
(1) Population Size Impact

With maximum iterations fixed at 30 and dynamic inertia weight at 0.85, the influence of population
size on model performance was evaluated. The results are presented in Table 3.
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Table 3: Performance under varying population sizes

Population size RMSE (MW) MAE (MW) Average convergence
generation

Time per iteration
(s)

5 9.32 7.15 28 1.2
10 8.76 6.83 25 1.6
20 8.65 6.75 23 3.5
30 8.59 6.69 22 5.1

When population size increased from 5 to 10, RMSE decreased by 7.5% (p < 0.05), indicating that
moderate population expansion enhances search diversity. However, further increases to 20 or 30 yielded
marginal improvements (1.7% enhancement) with near-linear growth in computational cost. Considering
accuracy-efficiency balance, a population size of 10 was selected.
(2) Maximum Iteration Count Impact

Maintaining population size at 10 and inertia weight at 0.85, varying iteration counts were tested. The
results are presented in Table 4.

Table 4: Performance under different maximum iteration limits

Maximum iterations RMSE (MW) MAE (MW) Proportion of early convergence
10 9.67 7.41 80%
20 9.01 7.02 60%
30 8.76 6.83 40%
40 8.73 6.81 35%

RMSE improved by 9.8% when iterations increased from 10 to 30, demonstrating that extended
iterations facilitate convergence to optimal solutions. Beyond 30 iterations, however, performance gains
became negligible (0.3% improvement) with persistent premature convergence. Consequently, 30 iterations
were determined sufficient to ensure convergence while avoiding redundant computations.
(3) Dynamic Inertia Weight Impact

The inertia weight directly affects the search step size and convergence speed. The performance of
different weight values was tested under the conditions of a population size of 10 and a maximum number
of iterations of 30. The results are presented in Table 5.

Table 5: Performance with different dynamic inertia weight strategies

Dynamic inertia weight RMSE (MW) MAE (MW) Convergence stability
(Standard deviation of RMSE)

0.65 9.12 7.21 0.38
0.75 8.91 7.05 0.32
0.85 8.76 6.83 0.27
0.95 8.89 6.98 0.30
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When the inertia weight was set to 0.85, the root mean square error (RMSE) reached the minimum
value with the optimal stability, indicating that this value achieved a well-balanced trade-off between global
exploration and local exploitation. Excessively low weights would lead to slow convergence, while excessively
high weights tend to induce oscillation and thus compromise the stability of the algorithm.

The parameters of the BKA algorithm and the optimized hyperparameters of the TCN-BiLSTM model
are presented in Tables 6 and 7, respectively.

Table 6: Parameters of the BKA algorithm

BKA Population size Maximum iterations Dynamic inertia weight
10 30 0.9

Table 7: Optimized model hyperparameter values

Model Num filters Filter size Num blocks Dropout factor
TCN-BiLSTM 45 7 1 0.35814

4.5 Comparison of Algorithmic Optimization Results
In order to evaluate the performance of the proposed BKA algorithm, we compared it with Genetic

Algorithm (GA), Sparrow Search Algorithm (SSA), and Particle Swarm Optimization (PSO) in the context
of optimizing hyperparameters for the TCN-BiLSTM model. The maximum number of iterations for each
optimization algorithm was set to 50, with a population size of 10. Fig. 5 illustrates the fitness changes of these
algorithms during the training process. It is evident from the figure that the BKA optimization algorithm
exhibits a significantly faster convergence rate and requires fewer iterations compared to the other three
optimization algorithms.

Figure 5: Optimization algorithm optimization comparison
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4.6 Correlation Analysis
In this paper, the mutual information value is used to calculate the correlation between each observation

feature and power, and the observation features with strong correlation with power are extracted for
scenario clustering.

The mutual information of two discrete random variables X and Y is defined as shown in Eq. (21), where
(x, y) is the joint probability distribution function of X and Y, while p(x) and p(y) are the marginal probability
distribution functions of X and Y, respectively. In the case of continuous random variables, p(x, y) is the joint
probability density function of X and Y, while p(x) and p(y) are the marginal probability density functions
of X and Y, respectively, as shown in Eqs. (21) and (22).

MI (X; Y) = ∑
y∈Y

∑
x∈X

p (x , y) log( p (x , y)
p (x) p (y)) (21)

MI (X; Y) = ∫
Y
∫

X
p (x , y) log( p (x , y)

p (x) p (y)) dxd y (22)

In this case, each variable is continuous, so kernel density estimation is first used for p(x, y), p(x) and
p(y), and then their mutual information is calculated using Eq. (21). The mutual information value between
each feature is calculated and then the mutual information value between NWP features and wind power
can be obtained as shown in Fig. 6. So 70 m wind speed, 50 m wind speed, 70 m wind direction, 50 wind
direction and temperature are selected as model input features.

Figure 6: Mutual information values between NWP features and wind power

4.7 Clustering Results
This study adopts daily-scale feature extraction, which primarily considers that the daily operation

patterns of wind farms exhibit distinct periodic characteristics, and meteorological conditions exhibit
relatively stable patterns at the daily scale. Furthermore, daily-level features align with day-ahead power grid
dispatching plans in terms of time scale, which holds practical engineering significance. Thus, this study
employs daily-level time granularity for feature extraction and scenario clustering. Specifically, for each day,
we extract wind speed at 50 m/70 m, wind direction, and temperature data at 15-min intervals, forming a
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5 × 96-dimensional temporal feature matrix. To reduce dimensionality while preserving temporal patterns,
we calculate the daily mean, standard deviation, maximum value, minimum value, and rate of change for each
meteorological variable, resulting in a 25-dimensional feature vector. After clustering, the rolling iteration
method is adopted. The samples of each scenario are concatenated in chronological order. When input into
the TCN-BiLSTM model, the power and features of the first 16 time steps are used as inputs, while the power
of the subsequent 2 time steps is designated as outputs.

The weather scenarios were clustered using AP clustering algorithm with Euclidean distance with
morphological features. The weight coefficients α and β for the two similarity measures were computed via
the entropy weighting method, yielding values of 0.6832 and 0.5275, respectively. The damping coefficient
was set to 0.95, and the optimal number of clusters was determined by tuning the reference parameter p.
The clustering results were summarized using the DB metric and the MDB metric. The optimal number of
clusters is selected using DB metrics and MDB metrics. Fig. 6 shows the relationship between number of
clusters and clustering metrics.

As shown in Fig. 7, when the number of clusters is 6, both DB and MDB metrics have minimum
values, so the weather scenarios are categorized into 6 classes. Cluster centers for each weather scenario
are listed in Table 8. From the table, weather scenarios 4 and 6 are dominated by moderately warm and
humid air masses. weather scenario 4 shows southeast-south gentle breezes, while weather scenario 6 exhibits
southwest-west moderate winds. These correspond to transitional weather during spring and autumn.
weather scenarios 1 and 5 feature low-temperature wind fields. weather scenario 1 presents northwest-west
moderate winds, indicative of stable wind conditions following a cold front passage. weather scenario 5 is
characterized by northwest-west strong winds and lower temperatures, corresponding to winter cold wave
conditions. weather scenarios 2 and 3 represent low-temperature weak-wind scenarios. weather scenario
2 displays northeast calm weak winds, while weather scenario 3 shows very weak north winds at low
temperatures, with the atmosphere tending towards stability. Vertical wind direction consistency is high
across all types. Wind shear characteristics (notably significant in weather scenario 3) reflect different
meteorological dynamic mechanisms. This provides crucial evidence for scenario-based modeling.

Figure 7: Relationship between number of clusters and evaluation metrics
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Table 8: Cluster centers for each weather scenario

50 m wind
direction (○)

70 m wind
direction (○)

50 m wind
speed (m/s)

70 m wind
speed (m/s)

Temp
(○C)

Weather scenario 1 278.93 281.85 7.43 7.88 4.99
Weather scenario 2 25.34 28.13 3.02 3.25 4.77
Weather scenario 3 353.11 5.31 4.21 4.36 3.94
Weather scenario 4 156.56 163.4 4.66 4.78 12.86
Weather scenario 5 319.41 322.94 7.88 8.18 −2.15
Weather scenario 6 222.82 227.29 5.03 5.41 10.23

In Fig. 8, six subplots illustrate wind power forecasting performance under different weather scenarios:
Subplot A and F correspond to moderately warm and humid airflow scenarios (southeast/southwest
winds, moderate-to-low wind speeds). Prediction values closely match actual values, accurately capturing
smooth fluctuations and step changes, with good detail matching. Subplots B, E, and C correspond to low-
temperature wind fields. In subplot B and E, representing northwest-west/moderate-strong wind scenarios
(winter cold fronts/cold waves), predicted curves closely follow the intense power oscillation trends. In
subplot C, for cold wave strong wind scenarios, high-power peaks are effectively tracked, demonstrating
adaptability to extreme meteorological conditions. In subplot D, concerning a low-temperature weak-wind
stable scenario (northeast/very weak north winds), predicted values align with low-power steady states and
occasional disturbance trends. While slight deviations exist in peak details, the basic fitting remains reliable.
Overall, differentiation in prediction performance across subplots verifies the precise adaptation of scenario-
based modeling to various meteorological types. This visually demonstrates the model’s superiority in trend
capture and detail depiction.

Figure 8: Comparison of wind power forecasting results under different weather scenarios
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4.8 Analysis of Prediction Results
In order to intuitively and accurately evaluate model performance and prediction accuracy, comparison

experiments are conducted using models LSTM, SVM, BiLSTM, CNN-LSTM, TCN-BiLSTM vs. the pro-
posed model. Furthermore, to mitigate model training randomness, enhance robustness and generalization
ability, multiple runs are executed, and average values are obtained for each model’s evaluation metrics, as
shown in Table 9 and Fig. 9. Fig. 10 presents scatter plots of wind power forecasting values vs. actual values
for all models.

Table 9: Evaluation index of different model

Model R2 nMAE
(×10−2)

nMSE
(×10−2)

nRMSE
(×10−2)

Absolute
MAE (MW)

Daily
cumulative

error (MWh)
SVM 0.8462 9.2425 2.7423 14.7418 2.65 254.40
LSTM 0.8712 8.4958 1.9204 13.8582 2.44 234.24

BiLSTM 0.8842 8.2246 1.5841 12.5863 2.36 226.56
CNN-LSTM 0.8904 8.0215 1.4122 12.2882 2.30 220.80

TCN-BiLSTM 0.8938 7.9151 1.3372 12.0375 2.27 217.92
AP-TCN-BiLSTM 0.9084 7.7816 1.1755 11.8521 2.23 214.08

Figure 9: Histogram of the performance evaluation of each model
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Figure 10: Scatter plots of wind power predicted values vs. actual values for all models

As shown in Table 9 and Fig. 9, the lowest values of nRMSE, nMAE, and nMSE are achieved by the
proposed model, while the highest R2 value is observed. Additionally, the scatter plot distribution is shown
to be more convergent. These results indicate superior prediction accuracy performance. Compared to
single-model architectures, the advantages of sub-models are fully utilized in the combined approach, with
sequence dependency relationships are more effectively modeled. Further improvements in all evaluation
metrics are observed after incorporating weather clustering into the combined model. This enhancement
demonstrates that fluctuation characteristics of wind power are better learned through meteorological
scenario classification.

The proposed model demonstrates superior predictive accuracy, achieving the lowest nRMSE, nMAE,
and nMSE values among all benchmark models. It is noteworthy that the installed capacity of this wind farm
is 49.5 MW, and the average output power during the test period is 28.7 MW. In terms of specific metrics: For
the CNN-LSTM model, the normalized mean absolute error (nMAE) is 8.02% and the normalized root mean
squared error (nRMSE) is 12.29%, corresponding to an approximate mean absolute error (MAE) of 2.30 MW.
For the TCN-BiLSTM model, the nMAE is 7.92% and the nRMSE is 12.04%, with a corresponding MAE
of about 2.27 MW. For the BiLSTM model, the nMAE is 8.22% and the nRMSE is 12.59%, corresponding
to an MAE of approximately 2.36 MW. In contrast, the proposed AP-TCN-BiLSTM model in this study
achieves a low nMAE of 7.78% and an nRMSE of 11.85%, equivalent to an MAE of 2.23 MW. Compared with
the CNN-LSTM model, the proposed model reduces the 15-min prediction error by 0.07 MW; compared
with the TCN-BiLSTM model, it reduces the 15-min error by 0.04 MW; and compared with the BiLSTM
model, it reduces the 15-min error by 0.13 MW. Based on 96 daily prediction points, the proposed model
reduces the daily cumulative error by 6.72 MWh relative to the CNN-LSTM model, 3.84 MWh relative to
the TCN-BiLSTM model, and 12.48 MWh relative to the BiLSTM model. Notably, the cumulative error
reduction compared with the BiLSTM model accounts for 2.5% of the daily power generation of this medium-
sized wind farm, which holds significant value for power grid dispatching. The highest R2 value is attained,
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confirming minimal deviation between predicted and actual values. Fig. 10 visually validates this close
agreement via comparative result plots.

As demonstrated in Fig. 11, the closest fit between predicted and actual wind power curves is achieved by
the proposed model. This optimal fitting confirms superior performance and the highest prediction accuracy
for wind power series data. Consequently, improved power resource allocation is enabled, while operational
risks in wind power systems are reduced and grid equipment reliability is enhanced.

Figure 11: Results of wind forecasting curve

5 Conclusion
To improve wind power forecasting accuracy, weather scenario classification and sequence feature

modeling are integrated, and an adaptive forecasting model based on Affinity Propagation (AP) clustering
and BKA-TCN-BiLSTM is proposed. Case studies are conducted, and the following conclusions are derived:

(1) The mutual information method is employed to quantify the nonlinear correlations between meteoro-
logical features and power sequences, thereby enabling the selection of highly correlated core features.
Historical data are classified into typical weather scenarios via unsupervised AP clustering. This
approach overcomes the limited universality of traditional single models under diverse meteorological
conditions and also enhances the statistical regularity of feature distributions within each scenario.
Consequently, a reliable data foundation is established for customized modeling of sub-scenarios.

(2) A TCN-BiLSTM fusion architecture is constructed, which captures multiscale local features through
dilated causal convolutional layers. Meanwhile, global sequence dependencies are modeled using
bidirectional long short-term memory (BiLSTM) networks, effectively improving wind power fore-
casting accuracy. Unlike traditional fixed parameter settings, the BKA optimization algorithm is
introduced to determine the model’s hyperparameters. This optimization mechanism significantly
enhances generalization capability while maintaining computational efficiency. Experimental results
demonstrate the model’s superior root mean square error (RMSE), mean absolute error (MAE), mean
absolute percentage error (MAPE), and coefficient of determination (R2) values in comparison with
benchmark models, confirming its effectiveness in short-term wind power forecasting.

(3) Future research efforts will focus on two interconnected directions: methodological advancements
to enhance wind power forecasting performance and the translation of algorithmic innovations
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into practical engineering applications; specifically, methodologically, we will prioritize improving
the dimensionality and accuracy of weather scenario classification by incorporating additional
meteorological factors, furthermore, signal decomposition methods will be employed to address
the complexity and nonlinear characteristics of operational data, thereby facilitating more in-depth
extraction of latent patterns in wind power time series, concurrently, explorations of more efficient
optimization algorithms and model fusion strategies will be pursued to continuously adapt to the
evolving demands of wind power forecasting, and additionally, we will develop a lightweight API
system to enable seamless integration with existing power grid dispatching platforms—this initiative
aims to advance the transition of the proposed techniques from algorithmic innovation to tangible
engineering practice, thus enhancing the practical utility of the developed forecasting framework in
real-world power system operations.
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