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Short-term Prediction of Wind Farm Cluster Power
Based on Bidirectional Interactive Fusion of
Homogeneous and Heterogeneous Information

Zhe Zhang, Bo Wang, Mao Yang, Zhao Wang, Wei Zhang, Tao Huang, Senior Member, IEEE, and Xin Su

Abstract—Recognizing the intricate spatiotemporal
correlation (STC) among wind farms (WFs) is critical to
achieving better predictions for wind farm clusters
(WFCs). To describe the STC accurately, this paper em-
ploys the wind angular field method to transform the
wind series of WFs into different 2-D feature maps, and
then construct homogeneous and heterogeneous STC
graphs from these maps. The graphs are dynamically
updated at the frequency of data update to capture
time-varying STC among WFs. Finally, a dynamic graph
attention network, designed according to the STC graphs,
is established for WFC prediction. Through the above
process, dynamic and accurate descriptions of STC are
realized in WFC prediction. From the case study of a
large-scale WFC with a capacity over 5800 MW in
Northeast China, the proposed method reduces the root
mean square error of the prediction in the next 24 hours
by 2.67%.

Index Terms—Spatiotemporal correlation, wind farm
cluster, wind angular field, homogeneous and heteroge-
neous, dynamic graph attention network.
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I. INTRODUCTION

ith the continuous growth of global energy de-
mand and the increasing severity of environ-
mental problems, wind energy has become an increas-
ingly important role in the adjustment of the energy
structure. By 2023, the total installed capacity of wind
power worldwide had reached 117 GW, playing an
important role in expanding the share of renewable
energy [1]. However, the inherent randomness, volatil-
ity, and uncertainty of wind energy pose increasingly
serious challenges to the safe and stable operation of
power systems [2]. Accurate short-term wind power
prediction (1-3 days) is crucial to promote wind power
consumption and reduce power supply risks [3], [4].
With the large-scale development of wind power, the
distribution pattern of wind farms (WFs) is gradually
shifting from a scattered distribution of small-scale low
permeability to a cluster distribution of large-scale high
permeability [5]. The development of large-scale
weather systems often causes significant fluctuations in
the output of large-scale wind farm clusters (WFCs). At
the same time, the time-space mismatch and amplitude
deviation of the numerical weather prediction (NWP)
model for weather system prediction cause power pre-
diction errors. Compared with scattered WFs, clustered
WFs exhibit complex spatial and temporal correlations.
Power prediction models that rely solely on data from
individual WFs struggle to capture the impact of global
meteorological prediction error on wind power, ren-
dering traditional single-station power prediction
methods inadequate. Effectively utilizing complex,
multidimensional NWP data to construct the spatio-
temporal correlation (STC) of large-scale WFC remains
a major challenge for cluster prediction [6], [7].
Previous studies have extensively investigated the in-
tegration of spatiotemporal information in large-scale
WFCs. Among the most common approaches are the
whole method, accumulation method, and statistical up-
scaling (SU) prediction. The whole method [8] directly
predicts the total output power of the WFC by means of
feature averaging. After modeling each WF in the cluster
by the accumulation method [9], WFC prediction is real-
ized by summing the predicted power of multiple WFs.
SU [10] maps the total power of the region by selecting
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the benchmark WF to represent the characteristics of all
WFs in the region. The single-to-single mapping mode of
the global method and the cumulative method ignore the
spatiotemporal information between WFs. Although SU
can represent the collection of spatiotemporal information
in the region by selecting the form of benchmark WF, it is
difficult to form a global understanding of the spatio-
temporal evolution of regional weather systems only on
sparsely distributed single-point meteorological infor-
mation. The multi-input multi-output (MIMO) method
integrates multiple WFs into a joint WFC that can interact
internally. By fully incorporating prior spatiotemporal
dependency information, it achieves accurate global pre-
diction performance and has therefore become one of the
mainstream prediction methods [11]-{13]. However,
convolutional neural networks (CNN) [14] usually need
preset a fixed size, and can only consider part of the WF
information in the receptive field, thereby limiting the
captured global information and long-term dependence.
Multi-layer perceptron (MLP) flattens high-dimensional
input features into vectors, which induces the loss of some
feature information. Attention mechanisms (AM) [15]
can associate multi-targets and long temporal distances by
calculating attention coefficients, and has become a pop-
ular method for constructing STC in MIMO.

With the rise of graph theory, researchers have in-
creasingly sought to describe the transmission of spati-
otemporal information between WFs by constructing
diverse graph structures. Combining the advantages of
the above modeling methods, graph neural networks
(GNN) can make full use of the prior spatiotemporal
dependence information to construct the correlation
between nodes to form a large-scale WFC topology, and
calculate the influence weights between nodes to con-
struct the nonlinear relationship between input and
output features of nodes [16]-[18]. In the construction
of graph structure, most studies only consider the se-
quence correlation between adjacent nodes [19]. Ref-
erence [20] uses weighted Euclidean distance to estab-
lish the adjacency relationship between wind turbines,
while reference [21] introduces mutual information (MI)
to construct adjacency matrix to improve the accuracy
of WF power prediction. There are also studies using
cosine similarity to construct the correlation between
WFs [22], thought it only describes the connection re-
lationship between WFs through fixed sequence corre-
lation and lacks the full utilization of spatiotemporal
evolution information. In the calculation of neighbor
weights, graph convolutional networks (GCN) combine
the structural information of the graph and the degree
information of the nodes to obtain the weight coefficient
with a normalized adjacency matrix [23]. However, this
approach has limitations in handling the dynamic
changes of edge weights and the distribution of learning
weights. Graph attention networks (GAT) cannot dy-
namically reflect the interaction of actual WFs through a
predefined graph structure [24], while the update of
graph structure and weight is of great significance for
predicting WF under new weather characteristics.

With the gradual expansion of WFC scale [25], the
evolution of regional meteorological conditions becomes
complicated. The STC between WFs under different
meteorological conditions, different output characteristics
and scheduling characteristics is complex and difficult to
construct [26]. There are a variety of WFs affected by
different meteorological conditions in large-scale WFCs.
The different output characteristics and the different
mapping trends of NWP and power cannot be classified
as the same type of node attributes. At the same time, the
edge relationships affected by the interaction between
different types of nodes also have a variety of heteroge-
neous attributes, and the edge relationships between all
nodes cannot be set to the same attribute. In graph theory,
a graph with all nodes sharing the same attribute set and
all edges sharing the same type of relationship is defined
as a homogeneous graph, which can construct the internal
spatiotemporal relationship of a small-scale WFC under a
single meteorological condition and output characteristics.
The graph containing a variety of different types of nodes
and edges is defined as a heterogeneous graph, which can
construct a large-scale WFC internal spatiotemporal rela-
tionship including a variety of meteorological conditions
and output characteristics. However, the most widely
used homogeneous graph network in the field of wind
power prediction cannot appropriately characterize the
heterogeneous spatiotemporal information within a
large-scale WFC. In the homogeneous graph, there is only
one type of nodes and one type of edge relationship be-
tween nodes, making it suitable for the construction of
small-scale WFC internal relations with similar output
characteristics. In the heterogeneous graph, the edge rela-
tionship between nodes is diverse, and such graph is
suitable for the construction of the relationship between
WFs with different output characteristics.

In summary, the existing short-term power prediction
methods for large-scale WFCs have the following issues.

1) In the construction of graph structure of a
large-scale WFC, most studies weaken the spatiotem-
poral evolution relationship between adjacent nodes,
and tend to use some shallow correlations to describe
the relationship between adjacent nodes. Thus, it is
difficult to capture the complex prior spatiotemporal
dependence information within a WFC.

2) There are many types of WFs in a large-scale WFC,
and there are also many interaction relationships between
different types of WFs as heterogeneous nodes. Most of
the existing prediction methods only consider the STC
between nodes of the same type, and lack the integration
and utilization of the STC between heterogeneous nodes.

3) The existing research on the heterogeneity of WFCs
has no clear definition, and there is no suitable system to
construct the heterogeneous network of WFC power.

In order to fill the above research gaps, by compre-
hensively considering the STC of large-scale WFCs, a
short-term WFC power prediction method based on
bidirectional interactive fusion of homogeneous and
heterogeneous information constructed by STC is pro-
posed. The main contributions are as follows.
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1) A multi-feature Gramian angle field (GAF) feature
transformation method is proposed to construct wind
angular field (WAF). By incorporating wind speed,
wind direction, and time series gradient of the target day,
the scale-invariant feature transform (SIFT) correlation
recognition method from image processing is used to
determine whether STC exists between WFs, and the
graph structure is constructed accordingly.

2) A large-scale WFC is divided into clusters, and a
number of regional WFCs with different output char-
acteristics and scheduling characteristics are obtained.
The information of the spatiotemporal interaction
within the WFC is refined into the homogeneous in-
formation within the regional WFCs and the heteroge-
neous information between the regional WFCs. Based
on these two types of information, the prior spatio-
temporal dependence information within the large-scale
WEFC is constructed.

3) A bidirectional interactive network of homogeneous

109

and heterogeneous information based on dynamic graph
attention network (DGAT) is constructed. The prede-
fined graph structure is updated synchronously according
to the update frequency of meteorological information to
dynamically reflect the mutual influence of actual WFs.
The two-module interactive network can extract the local
correlation features of homogeneous information and the
wide-area correlation features of heterogeneous infor-
mation.

The structure of the rest of the paper is as follows.
Section II introduces the overall process of the proposed
method, while Section III introduces the principle of the
proposed method in detail. Section IV demonstrates the
effectiveness of the proposed method from various
perspectives, and Section V concludes this study.

II. THE PROPOSED FRAMEWORK

Figure 1 shows the overall research framework.

|
|
|
i.
-+
i

Dynamically update the next target day

Y

Historical measured wind power
and NWP of 50 wind farms

Based on NWP of the target day dynamic
discrimination

i A. Discrimination of spatiotemporal correlation of WFs

r
! Homogeneous graph T T .
i . Bidirection interaction
H attention module U

B. 3) The construction of homogeneous graph and heterogeneous graph

The power prediction results of the target day

Reaching to updating
frequency maximum?

Wind farm 3 Wind farm »

Sub-cluster 1 Sub-cluster 2 Sub-cluster #

B.1) WFC is divided into sub-WFCs with similar
characteristics
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attention module

Wind power of WF3 Wind power of WEn

poes iy

Fig. 1. Overall research framework.
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As shown in Fig. 1, four main parts are included:
1) First, based on the historical wind power sequence,
the unsupervised clustering evaluation index is used to
determine the optimal grouping and generate multiple
sub-clusters with different output; 2) Second, the WAF
matrix of WFs is constructed to determine whether STC
exists between WFs; 3) Then, based on different STC
attributes, the homogeneous graph and heterogeneous
graph are dynamically constructed according to the data
update frequency to represent the construction of the STC
within the large-scale WFC; 4) Finally, using the process
of bidirectional interaction information between homo-
geneous modules and heterogeneous modules, the infor-
mation within and between sub-clusters is extracted and
integrated into node characteristics to predict the future
power of nodes, thereby achieving large-scale WFC
short-term power prediction.

III. METHODOLOGY

A. WFs Relation Recognition Method Based on WAF
The STC of WFs is typically determined using MI or
the Pearson correlation coefficient (PCC) to measure
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0
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the relationship between historical wind power se-
quence and NWP. However, due to the limited update
frequency of historical power data, the NWP sequence
may deviate from actual wind speed and direction. A
feasible scheme is to match the STC of WFs based on
the similarity of abrupt changes in the NWP during
wind events. By considering the similarity of wind
speed and direction series, correlated WFs under the
same wind conditions can be identified more accurately
by observing the trend of correlation coefficient over
time.

Although the cross-correlation function in the time
series analysis method can construct the change trend of
the correlation coefficient between the above observa-
tion sequence points, the time series gradient relation-
ship is inevitably lost during the construction process.
This study proposes a STC-based WF relation recogni-
tion method. The WAF 1is obtained by improving the
GAF, while the temporal correlation and temporal de-
pendence of NWP are introduced into the STC charac-
terization of WFs, thereby determining whether STC
exists between WFs, as shown in Fig. 2.
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Fig. 2. The WAF of a part of WF in each cluster in the first predicting daily.

1) Construction of WAF Matrix

The time series value is processed as the radius, and
the sum of the normalized inverse cosine value of the
wind speed series and wind direction value is used as
the angle to generate the polar coordinates. Then, the
coordinates in a scheduling period are taken via a
point-wise inner product to obtain the WAF that char-
acterizes the WF scheduling period.

@, = arccos x;

(1)
Gq=%4% 180°
n=t )
cos((@s +é, ) + (¢j)s +4 )) = cos(¢i + ¢j) 3)
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AWAF =
ricos(g +¢) rncos(d +4,) - rrcos(4 +4,)
rzrlcos(¢2 + ¢1) }’22(:05(;/52 +¢2) rzrncos(;/ﬁ2 +¢”) “4)

rrcos(4, + @) rcos(4, +¢,) - ricos(4, +¢,)
where A, is the WAF matrix; the input is the nor-
malized wind speed sequence x,; and wind direction
sequence x, , of the target day for the ith WF; ¢,  is the
inverse cosine value of the wind speed sequence x, ;
$,4 18 to convert the wind direction sequence of the ith

WF into radian; ¢, and ¢, are the feature values at time

steps 7, and ¢, respectively; and 7; is the radius in the

polar coordinate system obtained by time series trans-
formation.

The construction of the WAF matrix incorporates
specific design choices aimed at ensuring its compu-
tational robustness and the effective representation of
wind characteristics. Input wind speed data is nor-
malized prior to its use in calculating the angular
component, while wind direction angles are directly
converted to radians due to their inherent range. The
periodicity of the cosine function naturally addresses
potential overflow in angular sums. The radius 7,
derived from the ratio of the time point’s sequence
number ¢, to the total number of points N as ¢,/N is

thus normalized to the (0, 1) interval, representing the
relative temporal position within the window. Con-
sequently, the magnitude of the WAF matrix elements
is effectively bounded, ensuring numerical stability.
The one-day time window for WAF matrix construc-
tion aligns with the NWP update cycle. It ensures that
the NWP data used to characterize wind conditions for
a given day is the most recently available forecast,
thereby maximizing its relevance to that day’s actual
conditions and power output. The data is provided at a
15 min temporal resolution, which defines the mini-
mum time granularity for the analyses conducted in
this study.

While wind power output is influenced by multiple
factors (e.g., air density, operational status), the WAF
construction in this study focuses on wind speed and
direction. This is because they are the most direct driv-
ers of the spatiotemporal wind flow patterns that govern
inter-farm correlations, ensuring a robust and physically
interpretable graph structure. The integration of addi-
tional variables to refine this structure is considered a
valuable direction for future work.

2) STC Discrimination Between WF's

To identify the state mutation points in the image
matrix, this study introduces the SIFT method to
transform the WAF matrix into scale space to identify
continuous wind process mutation points and time se-
ries correlation points. The specific process is shown in
Fig. 3. First, the WAF is processed by Gaussian blur to
obtain the key points of the WAF matrix. The Gaussian
fuzzy representation of the matrix is as follows:

L(x,y,0) =G(x,y,0)*1(x,y) (%)
(x=m/2)* +(y=n/2)*
G(x,y,0)= >e 2 (6)
2no

where L(x,y,o) is the matrix transformed into scale
space; G(x,y,0) is a Gaussian kernel of scale o ;
I(x,y) is a primitive matrix; x and y are the spatial
coordinates within the matrix; and m and » represent the
dimensions of the Gaussian kernel template.

Then, the key points are detected by Gaussian dif-
ference calculation between different scales as:
D(xayao-) :[G(x,y,kO')—G(x,y,O')]*I(x,y) (7)
where k is the scale change factor. This process can
effectively detect stable feature points in the WAF ma-
trix. After determining the key points, a feature de-
scriptor based on the gradient direction and amplitude
distribution around the key points is generated. The
gradient direction and amplitude are calculated as:

L(x+1,y)—L(x—-1,y) g

m(x,y) = | ]2 ®)
[L(x:y + 1) - L(X,y - 1)]

L(x>y+1)_L(xay_1) (9)

L(x+1,y)—L(x—l,y)

where m(x,y) is the gradient amplitude; and 8(x, y) is

O(x,y)=tan"' {

the gradient direction. The gradient direction and am-
plitude jointly construct the descriptor vector f of the
key points, expressed as f =(m,0) It can not only
represent the local characteristics of the mutation points
in the WAF matrix, but also show the gradient direction
of the mutation points. When judging the relationship
between the WAF matrices, the Euclidean distance
between the mutation point descriptor vectors is calcu-
lated. Using David Lowe’s distance ratio test method,
for the descriptor of each feature point, it identifies the
two closest matching points in the WAF to be matched,
and calculates the nearest neighbor distance d, and the

next nearest neighbor distance d, . If the ratio of the
nearest neighbor distance d, to the next nearest

neighbor distance d, is less than the threshold, it is
considered there STC exists between the two WFs.
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i=1 P
d(f.1)= |2 (- 1) (10)
L if - <v,.q.
ﬂ’s"rcw _ d, Threshold (11)
0, else
where d( f;, f,) represents the Euclidean distance

between the descriptor vectors f, and f,; A i
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Fig. 3. The correlation discrimination process between WAFs.

B. Homogeneous and Heterogeneous Bidirectional
Interactive Networks Based on DGAT Network

1) Construction of Homogeneous Graph and Hetero-
geneous Graph

Traditional large-scale WFC power prediction usu-
ally divides a WFC into several sub-clusters with simi-
lar output features according to its historical output
characteristics, and then models and predicts each
sub-cluster. In order to fully construct the STC topology
of a large-scale WFC, this study continuously refines
the different node attributes and relationship attributes
of WFC after dividing the large-scale WFC. Two types
of STC for large-scale WFC and sub-clusters are de-
fined. All WFs in the same sub-cluster are nodes of the
same output type, and the STC between the same nodes
is Homogeneous STC. The WFs of different
sub-clusters are nodes with different output types, and
the STC between different types of nodes is Heteroge-
neous STC. Homogeneous STC and Heterogeneous
STC interaction diagrams are shown in Fig. 4. The
large-scale WFC topology diagrams based on these two
associations are homogeneous and heterogeneous, re-
spectively. Specific definitions and processes are de-
scribed as follows.

! | Feature point
— M
i | setof WAFi
o fs :
f a

Feature point detection !

Numbcr of feature pomls E

Feature point
_,_, -
set of WAF;
o, g

the binary indicator representing the existence of STC
between the ith and jth WFs, Ay =1 indicates ex-

=0; fi; and f,, are the ith

elements of the two descriptors, respectively. In gen-
eral, the empirical value vy, ;. =0.75 is a commonly
used threshold in David Lowe’s distance ratio test
method. If the ratio of the nearest neighbor distance to
the next nearest neighbor distance is less than 0.75, it is
considered that STC exists between WFi and WEFj.

istence, otherwise, Agc
]

Feature point detection |

Number of feature points |
K_H

Feature point
matching

Definition1: homogeneous graph. The homogeneous
=(V,E), where V
and £ are the sets of nodes and edges, respectively. The
homogeneous graph constructed in parallel by multiple
sub-clusters is Gy, {G G GHO’C}, where C

Ho,1°
is the total number of sub-clusters. The V interior of

graph of WFC is expressed as G,

HoZ"”’

G, can be described as {V,V,,---,V;}, where
ie[l,Q], i.e., i nodes within the same sub-cluster.

Similarly, £ = {E

} , where FE. denotes the
v ieC,,jeC, v

directed edge relationship between the field stations i
and j in the same sub-cluster.

Definition2: heterogeneous graph. The heterogene-
ous graph of WFC is expressed as G, =(@.,V,E),
where @, represents the meta-path; while V and E are
the sets of nodes and edges, respectively. The nodes in V'
are described as {K,---,V ---,VC} , where ¥ is the set

c?

of nodes inside the C sub-cluster; i € [1, NC] is the ith

node of V_, including N, nodes, and the sub-cluster

contains n nodes. Similarly, £ ={Eij}_ o e where
ieC;,jeC;
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E, denotes the directed edge relation between two

different sub-clusters internal stations 7 and j. Different
types of nodes are used to construct different edge re-
lationships between WFs with bipartite graphs.

The attributes of nodes and edges in the homoge-
neous graph are relatively uniform, and the homoge-
neous GNN is used for feature extraction and rela-
tionship modeling. In contrast, the attributes of nodes
and edges in heterogeneous graphs have different
output characteristics and error characteristics, and the
processing of heterogeneous graphs requires hetero-
geneous GNNs to consider the characteristics of each
type of nodes and edges and the interaction between
them.

6.25°N
46 @ Cluster |
. . Cluster 2
- A Cluster 3
5 00° Cluster 4

00°

45.00°NIS Ni. Cluster 5
@ Cluster 6

43.75°N

42.50°N
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a) According to the Euclidean distance of historical power
data, the large-scale WFC is pre-divided into multiple
sub-clusters with similar output characteristics based on

z s Dynamically
the K-means clustering method 2 3

modify STC

b) STC construction between wind farms
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; &
¢) Graph construction &
A N
< : & oo\
d, N
Homogeneous graph and heterogeneous graph &C &
composition process 5\\§‘°

Fig. 4. The construction process of homogeneous graph and
heterogeneous graph.

2) Construction of the Adjacency Matrix Considering
STC, Homogeneous Graph and Heterogeneous Graph

The adjacency matrix is used to describe the rela-
tionship between any two connected nodes. It should
be noted that if the result of graph relation recognition
is Agc,, =1 between WFi and WEj, then there is an

edge between the two nodes, expressed as 4,,, =1.

Otherwise, A =0 and it indicates that there is no

Adjw; ;

connection between them. This ensures the sparsity of
the adjacency matrix and helps to reduce the interfer-
ence of unnecessary noise.

/1Adjwi‘j = ﬂ’STC,.,/ , i=12,---,n and j=12,---,n—-1(12)

For the proposed homogeneous graph and heteroge-
neous graph, “Adj” determines the spatial connection
relationship of nodes in multiple modes, which is the
key to the homogeneous and heterogeneous graph at-
tention network (HHGAT) learning STC. At the same
time, the dynamics of graph structures require more
attention, rather than being highly dependent on prede-
fined structures, especially for the highly intermittent
nature of wind power generation. Since the spatiotem-
poral dependence between different sites evolves over
time, to enable the constructed graph to dynamically
capture this time-varying relationship, this study up-
dates the adjacency matrix by the actual update fre-
quency (daily update) of the NWP to adapt to dynamics
and practical engineering applications. Finally, the
formulation of the adjacency matrix is given in the
following, where u, represents cluster i, i.e., the ho-

mogeneous graph of the ith sub-cluster; u,; is the het-

erogeneous graph with edge attribute i—j between the ith
and jth sub-clusters.

u 0 0 0 0 O]
0 u, 0 0
0 0 w, 0 0 0
A, = } (13)
0 0 0 u, 0 0
0 0 0 0 u O
0 0 0 0 u
E w, w; w, w; u, ]
u2 1 E u2 3 u2-4 u2 5 uZ 6
A, - w, w, E w, wu, ug (14)

Uy, U, Uy U, E  ug

_u6-1 ”6—2 u6»3 u6-4 u6-5 E

3) The Construction of Homogeneous and Heteroge-
neous Modules

To fully extract the interaction between nodes with
STC. In this study, a DGAT model is used to construct
respective homogeneous modules and heterogeneous
modules to fit the change process of weights between
WFs at different times. The network framework is
shown in Fig. 5.
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Homogeneous and heterogeneous bidirectional interactive networks
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Fig. 5. Homogeneous module and heterogeneous module frameworks.

Homogeneous modules extract local correlation fea-
tures. In order to construct the STC within the
sub-cluster, DGAT is used to calculate the local corre-
lation characteristics of each sub-cluster based on the
constructed homogeneous graph. The specific process
can be described as:

x, x>0
LeakyReLU(x) = (15)
—7x, x<0
e(xCi,ij):aT[Wxa ||chj}, jeN, (16)

where e(x;,x;) is expressed as the nonlinearly trans-

The attention weight «, is obtained by normalizing

the obtained attention coefficient, and the output vector
x(, is obtained by weighted summation, as:

a.; =softmax  (e.;) =

exp(LeakyReLU (e (s> X ))) (17)

i exp ( LeakyReLU (e (xcl. s X )))

n=1

xi = o D agW,xg (18)

k:I JE€Ng

formed attention coefficient of node ;j (the neighbor  where softmax () is the function of normalizing the

node of node i) to node i in the sub-cluster C;

LeakyReLU() is a nonlinear transformation function; attention coefficient e, of the neighbor node j; x,

a"[-] is the attention coefficient; || is the feature splic- represents the input feature vector of the neighbor node j

ing operation; while x., and x, are the input feature of

node i and node j, respectively; W is a shared parameter
matrix of linear transformation; N, is the total number

of neighbor nodes of node i; and y is the positive slope

within the sub-cluster C; W,  shared parameter matrix
for homogeneous features; o(:) is a sigmoid activation

function; and the number of heads of the multi-head
attention mechanism is K. At the same time, the spatial
and temporal features of the WFC are extracted uni-

of the negative region of the function. formly by channel attention module (CAM), which is
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represent by f.,,(-). The important node features of

the original WFs are obtained by average pooling and
maximum pooling of the features of WFs. After the
MLP and sigmoid activation operation, the feature
vector set of f.,\, (X ) representing the original WFs is
obtained, which is fused with the spatiotemporal vector

!

x;, extracted by DGAT to obtain the spatiotemporal

feature vector of each WF through the homogeneous
module, as:

Soan (Xe)=0 (fMLP ([AVgPool(xCl. ); MaxPool( x,;, )])):
o fuus ([253]))
19)

X = foam (xCi ) O x¢; (20)
where © is the Hadamard product operator; f,,(-) is

the non-linear transformation function of the multi-layer

avg

perceptron; x,

max

and x/;" are the feature vectors ob-
tained by average pooling and maximum pooling, re-
spectively.

Heterogeneous module extracts global correlation
features: HDGAT is used to construct the STC within
the WFC based on the constructed heterogeneous graph.
The calculation process of HDGAT’s attention mecha-
nism is composed of node-level attention mechanism
and type-level attention mechanism.

1) The Calculation Process of Node-level Attention

After processing different sub-cluster WFs into the
same feature space, the self-attention mechanism is used
to learn weights for different types of nodes. Given a
node pair (i, j) and a meta-path @ connecting them,
the node-level attention is calculated as follows:

ro_ ho
X, =M, x

T
a, [Wx;‘_,. I Wx;’jJ

@n

o (wxy,:@) = (22)

where M, is a transformation matrix that processes the
ith sub-cluster into the same feature space; @ is the ith
meta-path; e; is the asymmetric node attention coeffi-
cient; and using softmax(-) to normalize, the neighbor

weight parameter af based on the meta-path is ob-

tained as:
@
a =softmax (e,.d." )= exp(LeakYReLU(eij )) (23)
’ Y > exp(LeakyReLU (e;"’ ))
neC?
xim, - kfla( z a;)l Whex;n} (24)
= jeN

[/ . .
where a;;" is a node-level attention coefficient; and xf"

is the output feature by node i through meta-path @ ;
and W, is a shared parameter matrix for heterogeneous

features. Node-level attention is used to capture the

importance of WFs with different output characteristics

and reduce the weight of noise nodes.

2) The Calculation Process of Type-level Attention
Type-level attention aggregates the attention vector

{xl‘p JXY e, X } of group C nodes obtained based on

multiple meta-paths in the previous step as input, using
nonlinear functions to transform the node embedding of
different output feature sub-clusters. Then these edges
are aggregated according to the weights to obtain the
final representation x,_.

W, = %ZqT tanh ( Mx" +b) (25)
ieC
exp(w,

Ay =—5——— p0vy) (26)

Z exp(w,, )

i=1
»

X = lelq,i Xy 27)

where M is the weight matrix; b is the biased vector;
and ¢ is the type-level attention vector. Type-level at-
tention learns the weights of adjacent sub-clusters of
different output feature types, and weights the feature
vectors. In the training process, both homogeneous
attention vectors and heterogeneous attention vectors
are learnable through gradient back propagation. So far,
STC modeling has integrated the spatiotemporal fea-
tures within the entire large-scale WFC, representing
the future state of all nodes in the WFC.

To provide a more intuitive understanding of how
node-level attention aggregates information from dif-
ferent meta-paths, and how the resulting representations
are further fused through type-level attention, a con-
ceptual illustration is presented in Fig. 6.

Node-level attention depicts how a central cluster
interacts with nodes in other different types of clusters
via various meta-paths. For each meta-path @, the

node-level attention mechanism learns attention
weights for the target node over its neighbors guided by
this meta-path, and aggregates their information to
generate a meta-path-specific embedding for the target
node. Thus, the output of this stage is a set of me-
ta-path-specific embeddings. Type-level attention layer
takes the set of meta-path-specific embeddings from the
node-level attention stage as input, learns importance
weights for these different meta-path-specific embed-
dings, and performs a weighted fusion of them. This
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fusion process allows the model to integrate information
from diverse semantic contexts, ultimately producing
updated and richer representations for the relevant

1) Node-level attention
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clusters. This two-stage process clearly demonstrates
how the model distinguishes and fuses information from
different sets of meta-paths.

Cluster 6
Cluster 5 2) Type-level attention
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Fig. 6. Conceptual illustration of the two-stage attention mechanism for meta-path based information fusion in heterogeneous graphs.

IV. APPLICATION AND CASE STUDY
A. Datasets and Evaluation Index Selection

1) Datasets Introduction

To evaluate the performance of WAF-HHGAT under
different scenarios, this study utilizes wind power data
from 50 WFs in a Chinese province collected from
January to August 2021 to conduct short-term WFC
power prediction. The total installed capacity of this
WEC is 5867.91 MW, with a time resolution of 15 min
for both power and meteorological data. Meanwhile,
60% of the power and NWP sequence data in the dataset
are used to train the model, 20% are used to validate the
model parameters, and the remaining 20% are used for
testing. The NWP sequence data include weather vari-
ables such as wind speed, wind direction, and other
relevant weather elements. K-means is used to cluster
these 50 WFs in the WFC according to the power of the
training set. For the three commonly used unsupervised
clustering indicators: Silhouette score, Davies Bouldin
score, and Calinski Harabasz score [27], the normalized
clustering results are shown in Fig. 7. From the results,
the optimal clustering number is 6.

LOFT ' AN~
0.9} "
08+ a4
07}
0.6t

ost

, _E ~—— Silhouette score
04 1 Davies Bouldin score
031 Calinski Harabasz score
0 5 10 15 20
Number of clusters

Score

Fig.7. The clustering results of the three clustering indexes after
clustering 50 WFs.

2) Evaluation Metrics

To evaluate the prediction performance of different
models, this study adopts the following evaluation in-
dicators: root mean square error (RMSE), mean abso-

lute error (MAE), and R-squared ( R*) given as:
1 n
72 (yp - yt )2
=
pCap

:lgb}p _yt|

Xyiag =

p Cap

(28)

Xpmse =

(29)



ZHANG et al.: SHORT-TERM PREDICTION OF WIND FARM CLUSTER POWER BASED ON BIDIRECTIONAL INTERACTIVE... 117

n

Z(yp_yt)z

X, =1-&

Z(yt—i)z

i=1

(30)

where y, is the predicted value; y, is the true value;
¥, is the mean value of the true value; # is the number
of predicted time points; and p,, is the installed ca-
pacity of the WFC.

B. Experimental Details
The code is implemented in PyTorch, and the model

is trained for 100 epochs with a learning rate of 10~
and a batch size of 64. All datasets are trained on
NVIDIA GeForce RTX3070.

In this study, several classical and advanced methods
are used to compare the performance of WAF-HHGAT.
In the linear regression method, least absolute shrinkage
and selection operator (LASSO) [28] are used as the
baseline model. In the non-GNN regression methods,
advanced algorithms that can extract the spatial and
temporal characteristics of WFs including: Transformer,
temporal convolutional network-long short-term
memory (TCN-LSTM) [29], and convolutional block
attention module-long short-term memory
(CBAM-LSTM) [30], are used for comparison. In the
GNN regression method, GCN is used as the compari-
son algorithm.

To ascertain the optimal hyperparameter settings for
the WAF-HHDGAT model, a sensitivity analysis is
performed, are the results are presented in Fig. 8. The
analysis varies the number of GAT layers (L), attention
heads (), MLP channel dimensions (d,,,), and the

graph update frequency to observe their impact on pre-
diction accuracy (f). It is found that 3 GAT layers

achieve an optimal RMSE of 0.0731. Similarly, em-
ploying 3 attention heads result in the best RMSE of
0.0592. For MLP channel dimensions, the configuration
[128, 256] yields the lowest RMSE at 0.0577. Finally, a
graph update frequency of 96 is identified as optimal,
providing an RMSE of 0.0577.
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Fig. 8.  Sensitivity analysis of hyperparameters for the

WAF-HHDGAT model.

This optimal frequency aligns with the typical update
cycle of NWP data, which often covers 96 time points.
Updating the graph structure less frequently than 96
points may prevent the model from capturing the con-
tinuous characteristic changes present in the NWP.
Conversely, updating more frequently than 96 points
could introduce noise or become constrained by the
inherent prediction accuracy limitations of the NWP
itself over extended horizons. Consequently, these em-
pirically determined optimal values: 3 GAT layers, 3
attention heads, MLP channels of [128, 256], and an
update frequency of 96, are adopted for all subsequent
experiments to ensure robust model performance. The
hyperparameters used in the final models are shown in
Table I.
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TABLE I
HYPERPARAMETER CONFIGURATION

Function Structure Configurations
# Graph update frequency: 96 (/15 min)
A WAF # Layers of GAT: 3
WAF-HHGAT A homogeneous GAT network # Number of heads for GAT:3
A heterogeneous GAT network # Number of homogeneous GAT network: 6
Hyperparameter configuration A MLP # Number of homogeneous GAT network: 1
of the WAF-HH structure # Output channels of MLP [128, 256]
model # Graph update frequency: 96 (/15 min)
A WAF .
A Homogeneous GCN network # Layers of GCN: 3
WAF-HHGCN # Number of homogeneous GCN network: 6
A Heterogeneous GCNT network :
AMLP # Number of homogeneous GCN network: 1
# Output channels of MLP [128, 256]
Hyperparameter configuration A The adjacency matrix is constructed by z f;;l]g?sli)pfdétlz]f_r.ezquency: 96(15 min);
of the graph réfg\gr;rk regression G-GAT iel(\)/%f;phlc position. # Number of heads for GAT: 3
# Output channels of MLP [128, 256]
# Number of encoder layers: 4
# Number of decoder layers: 4
Transformer A Multi-head attention # Model dimension: 256
A Encoder-decoder # Number of attention heads: 8
# Feed-forward dimension: 1024
# Dropout rate: 0.1
# Kernel size of Conv2d: 1x7
# reduction ratio: 16
Hyperparameter configuration . . # Layers of LSTM: 2
of other advanced wind power  CBAM-LSTM A Convolutional block attention module 4 Hidden units of LSTM: 64
forecasting methods ALSTM # Dropout: 0.5
# Active functions of fully connected network:
ReLU
# Channels of TCN: [32,32,32]
# Layers of LSTM: 2
TCN-LSTM A Temporal convolutional networks # Hidden units of LSTM: 64

ALSTM

# Dropout: 0.5
# Active functions of fully connected network:
ReLU

C. Ablation Experiment

In order to verify the validity of the model structure of
WAF-HHDGAT constructed in this study, this method
is compared with the following methods.

1) The proposed method WAF-HHDGAT.

2) WAF-HoDGAT (homogeneous dynamic graph
attention network). In this proposed method, the het-
erogeneous module is removed, leaving only the ho-
mogeneous module to predict each node of the WF.

3) WAF-HeDGAT (heterogeneous dynamic graph
attention network). In this proposed method, the ho-
mogeneous module is removed, leaving only the het-
erogeneous module to predict each node of the WF.

4) HHGAT. Instead of using WAF to construct graph
structure, Pearson correlation coefficient is used to
measure the correlation between WFs.

5) WAF-HHGAT. In this proposed method, the graph
structure is no longer dynamically changed, but instead,
it uses a predefined graph structure.

The final prediction results are shown in Fig. 9. As
seen, when any structure is removed, the prediction
accuracy of the proposed method decreases in the
short-term prediction task. The statistical results of
ablation experiment errors are shown in Table II.

Compared with WAF-HHDGAT, WAF-HoDGAT
without heterogeneous module results in a 2% increase
in RMSE, a 1.47% increase in MAE, and a 14.87%
reduction in R2. It can be concluded that the heteroge-
neous STC between clusters established in the hetero-
geneous modules is effective. WFs between different
feature clusters learn the same or contradictory trends of
different types of edge relationships in heterogeneous
modules. Compared with the proposed method,
WAF-HeDGAT without the homogeneous module
leads to a 0.26% increase in RMSE, a 0.28% increase in
MAE, and a 1.69% decrease in R>. Compared with the
MIMO model, the accurate construction of homoge-
neous STC can greatly improve the accuracy of wind
power prediction. The edge relationship of the homo-
geneous module ensures that the spatiotemporal rela-
tionship between WFs within similar clusters can be
reflected in the mapping between NWP and power.
Compared with this proposed method, RMSE and MAE
of HHDGAT without WAF are increased by 0.88% and
1.03%, respectively, while R? is decreased by 5.96%.
This is because the traditional distance measurement
method between features cannot mine deep spatiotem-
poral relationships, and the introduction of noise edges
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results in wrong information during the feature fusion
process. Compared with the proposed method, RMSE
of WAF-HHGAT using a predefined graph structure is
increased by 0.79%, MAE is increased by 0.14%, and
R? is decreased by 1.81%. The dynamic change of the
graph structure significantly enhances the model’s
ability to fit and capture severe fluctuations in wind
power. Periodically updating the graph structure ac-
cording to the prior information provided by the mete-
orological center avoids the rigidity associated with a
predefined graph structure.
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Fig. 9. The necessity verification of each part of the model
proposed in this paper.

TABLE II
ABLATION EXPERIMENTAL RESULTS
Method RMSE MAE R?

WAF-HHDGAT 0.0577 0.0399 0.8168
WAF-HoDGAT 0.0777 0.0556 0.6681
WAF-HeDGAT 0.0603 0.0427 0.7999
HHDGAT 0.0665 0.0502 0.7572
WAF-HHGAT 0.0656 0.0413 0.7987

D. Comparative Analysis with Different Graph
Construction

In order to verify the effectiveness of the adjacency
matrix constructed by the wind characteristic angle in
the proposed method, it is compared with the following
other graph construction methods.

Method1: The proposed method.

119

Method2: The method for constructing adjacency
matrix is modified to utilize wind speed-based GASF
for adjacency matrix construction.

Method3: The method of constructing adjacency
matrix is modified to utilize wind direction-based
GASF for adjacency matrix construction.

Method4: The method of constructing adjacency
matrix is modified to utilize wind speed-based Pearson
correlation coefficient for adjacency matrix construction.

MethodS: The method of constructing adjacency
matrix is modified to utilize geographic location for
adjacency matrix construction.

With different adjacency matrix construction meth-
ods, the final prediction results are shown in Fig. 10, and
the error statistics of each adjacency matrix construction
method are shown in Table III. Compared with Meth-
odl, RMSE of Method2 and Method3 are increased by
0.29% and 0.57%, MAE are increased by 0.3% and
1.02%, and R? are decreased by 1.87% and 3.79%, re-
spectively. This indicates that it is beneficial to intro-
duce the wind direction feature to provide the model
more prior information to actively distinguish wind
speed and power fitting process under different trends.
The mapping process of the proposed method is adap-
tively adjusted according to the trend of wind speed and
wind direction, hereby more effectively reflecting the
STC of WFs. Method3 only takes into account the ad-
jacency matrix constructed based on wind direction,
which results in the loss of wind speed information in
the edges of the graph—information that is closely
related to changes in power trends. Compared with
Methodl, Method4 shows an increase of 1.65% in
RMSE, 1.33% in MAE, and a decrease of 11.92% in R>.
Similarly, Method5 exhibits an increase of 2.09% in
RMSE, 2.16% in MAE, and a decrease of 15.59% in R?
compared with Method1. The example demonstrates the
limitations of predefining the STC between WFs based
solely on the distance between time series and the geo-
graphical location of WF for wind power prediction. It
confirms that the graph structure constructed by the
proposed method can better characterize the STC
characteristics of WFs.
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Fig. 10. The proposed adjacency matrix construction method can adapt to the power change in different wind speed ranges.
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TABLE III
THE ERROR STATISTICAL RESULTS OF DIFFERENT ADJACENCY
MATRIX CONSTRUCTION METHODS

Method RMSE MAE R
1 0.0577 0.0399 0.8168
2 0.0606 0.0429 0.7981
3 0.0634 0.0501 0.7789
4 0.0742 0.0532 0.6976
5 0.0786 0.0615 0.6609

E. Comparative Analysis with Other Advanced Wind
Power Forecasting Methods

In order to further verify the superiority of the con-
structed WAF-HHGAT and the extraction effectiveness
of spatial and temporal characteristics of wind power,
the proposed method is compared with other advanced
wind power prediction methods under the same dataset,
including:

1) WAF-HHDGAT—the proposed method;

2) WAF-HHGCN—replacing GAT in the proposed
method by GCN, with other structures unchanged;

3) Transformer—an advanced model with a large
number of parameters, widely used for its multi-head
attention mechanism;

4) G-GAT—the adjacency matrix of GAT based on
geographical location;

5) CBAM-LSTM—the NWP is converted into a
four-dimensional matrix and input into CBAM-LSTM
to extract the temporal and spatial features between
WFs for wind power prediction;

6) TCN-LSTM—the NWP is converted into a
two-dimensional matrix and input into the TCN-LSTM
to extract the spatiotemporal features between WFs for
wind power prediction;

7) LASSO—using the linear model LASSO to train
and predict wind power.

Figure 11 specifically visualizes the wind power
prediction results against the actual observed wind
power for the proposed WAF-HHDGAT and baseline
models. First, WAF-HHDGAT is compared with
WAF-HHGCN. In this study, the DGAT within the
designed structure addresses the limitations of tradi-
tional GCNs in handling dynamic changes in edge
weights between different nodes and in assigning var-
ying learning weights to different neighboring nodes in
a directed graph, thus more effectively capturing the
influence relationships among WFs. Comparing
WAF-HHDGAT with WAF-HHGCN and G-GAT, it
can be seen that the proposed framework is applicable
to other GNNs. Compared with the GCN in wind
power prediction, WAF-HHDGAT can greatly im-
prove the model’s ability to extract the spatial and
temporal characteristics of each WF. Next, when

compared with the Transformer model, which is an im-
portant large-scale parametric model, WAF-HHDGAT
demonstrates the advantages of its specifically designed
spatiotemporal feature extraction strategy. Although
Transformer excels at capturing long-range dependencies
in sequences, WAF-HHDGAT integrates the WAF
matrix and a heterogeneous graph attention network,
can more explicitly and finely model the dynamic
spatial correlations and influencing factors among geo-
graphically distributed wind farms, which is crucial for
precise wind power forecasting. The proposed method
is then compared with CBAM-LSTM and TCN-LSTM.
The proposed method extracts the spatial correlation
between WFs by considering the characteristics of
each WF and the topological structure between WFs.
Consequently, it addresses the problem that TCN and
CBAM cannot construct the correlation between WFs
based on prior knowledge. Finally, WAF-HHDGAT
is compared with the linear benchmark model
LASSO.

The error statistics of the advanced WFC prediction
methods are shown in Table IV. Compared with
WAF-HHGCN and G-GAT, WAF-HHDGAT results in
0.28% and 2.66% reductions in RMSE, 0.14% and
1.88% reductions in MAE, and 1.81% and 20.7% in-
creases in R2. Similarly, compared with Transformer, its
RMSE is decreased by 0.96%, MAE is decreased by
1.22%, and R? is increased by 10.52%. Compared with
CBAM-LSTM, its RMSE is reduced by 1.65%, MAE is
reduced by 1.33%, and R? is increased by 11.92%.
Compared with TCN-LSTM and LASSO, its RMSE is
decreased by 2.64% and 3.71%, MAE is decreased by
2.43% and 3.38%, and R? is increased by 20.53% and
25.15%, respectively. Therefore, it can be seen from
the evaluation indexes that the prediction results of
WAF-HHDGAT are the best, and the proposed pre-
diction method has the best prediction effect.
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Fig. 11. Forecasting results of different wind power forecasting
methods.
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TABLE IV
ERROR STATISTICAL RESULTS OF DIFFERENT WIND POWER
FORECASTING METHODS

Method RMSE MAE R
WAF-HHDGAT 0.0577 0.0399 0.8168
WAF-HHGCN 0.0605 0.0413 0.7987
Transformer 0.0673 0.0521 0.7116
G-GAT 0.0843 0.0587 0.6098
CBAM-LSTM 0.0742 0.0532 0.6976
TCN-LSTM 0.0841 0.0642 0.6115
LASSO 0.0948 0.0737 0.5653

To further verify the performance of the proposed
method in the large-scale WFC prediction, it is com-
pared with three best performed CBAM-LSTM cluster
prediction methods: the whole method, the accumula-
tion method, and the statistical upscaling method. The
comparison results are shown in Fig. 12, which
demonstrate that the proposed model performs well in
large-scale WFC power prediction tasks.

-~ RMSE MAE s
0.20 T T 1.00
ENNE 10.75
g
s [UNTC) S 0.0894 10.50 &
o) R
[p] 0.0578
é 0.05 0.25
0 0
Whole Accumulation  Statistical Proposed
method method upscaling method
Fig. 12. Comparison with other cluster power prediction
methods.

F. Complexity Analysis and Deployment Feasibility

To comprehensively evaluate the computational
burden and practical applicability of the proposed
model, a detailed complexity analysis is conducted
and the key performance metrics are summarized in
Table V.

The model has 6086 trainable parameters. It employs
a dynamic graph strategy, updating the graph structure
using the latest 96 steps of NWP. A single complete
graph update takes 0.305 s, and the model is trained for
100 epochs. The average time per epoch, including
dynamic graph updates and optimization, is 32.96 s. The
estimated total graph construction time during training
is 3053.22 s, while pure model training takes approxi-
mately 448.12 s. The average pure training time remains
efficient at 0.47 ms per sample.

In the testing, the average pure inference time is
0.0631 ms per sample. For online prediction, the total
prediction time for one window is approximately 0.311 s
(0.305 s for graph update and 6.06 ms for inference).

These metrics support both offline and online de-
ployments. The estimated total training duration for 100
epochs is 3515.36 s, suitable for offline model devel-
opment and retraining. For online use, the 0.311 s re-
sponse for a 96-sample window prediction is efficient
for real-time tasks, especially when aligned with NWP
update cycles. The low per-sample inference cost also
benefits frequent prediction scenarios.

TABLE V

COMPUTATIONAL PERFORMANCE AND DYNAMIC GRAPH UPDATE
COSTS OF THE PROPOSED MODEL

Metric Value
Total trainable parameters 6086
Total training duration (s) 3515.36
Total graph construction time during training (s) 3053.22
Total pure model training time (s) 448.12
Average time per epoch (s) 32.96
Average time per graph update (s) 0.305
Average pure training time per sample (ms) 0.47
Total testing duration (s) 18.96
Total testing graph construction time (s) 18.59
Total pure model inference time (s) 0.3674
Total prediction time for 96 samples (s) 0.311
Inference graph update (s) 0.305
Inference time for 96 samples (ms) 6.06
Average pure inference time per sample (ms) 0.0631

G. Visualization of Model Mechanisms and Attention
Analysis

To further assess the model’s ability to capture com-
plex spatiotemporal dependencies by concurrently
processing intra-cluster homogeneous and inter-cluster
heterogeneous relationships, this section visually ana-
lyzes the learned comprehensive attention weights.

Figure 13 presents the normalized attention weight
heatmaps for four random test days, where the color
intensity of cell (7, /) indicates the attention target wind

farm i assigns to source wind farm j for its prediction.
The blue grid lines demarcate distinct wind farm clus-
ters, derived from historical power data clustering.
First, the prominently highlighted diagonals confirm
that each wind farm strongly prioritizes its own NWP
state for prediction. Second, significant attention
weights are visible within the clusters, demonstrating
the model’s effective learning of mutual influences
among homogeneously grouped wind farms; while the
daily dynamic shifts in these internal attentions further
reflect its real-time adaptability. Furthermore, observa-
ble and dynamically changing attention weights be-
tween different clusters prove that the model success-
fully captures and quantifies heterogeneous associations
beyond intra-cluster dependencies. This enables the
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learning of influences between, for instance, distant or
characteristically different clusters, potentially driven
by large-scale meteorological events or grid-level cor-
relations. Finally, clear daily variations in both in-
tra-cluster and inter-cluster attention patterns under-
score the model’s overall capacity to adaptively allocate
attention, thereby capturing time-varying homogeneous
and heterogeneous spatiotemporal correlations.

In summary, the visualized attention weights intui-
tively demonstrate the model’s unified framework for
handling both homogeneous and heterogeneous infor-
mation. The model effectively leverages individual
wind farm data and intra-cluster influences while, cru-
cially, identifying, quantifying, and dynamically ad-
justing inter-cluster dependencies. This enhances in-
terpretability and mechanistically validates the pro-
posed method’s efficacy for power prediction in wind
farm clusters characterized by complex internal and
external relationships.
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Fig. 13. The attention weight heat map on the 4th, 9th, 17th, and
24th days of the test set.

To further investigate the physical meaning behind
the learned attention weights, a detailed case study is
conducted. The fourth day of the test set (corresponding
to the heatmap in Fig. 13) is selected and the analysis is
focused on four pairs of wind farms with high attention
weights between the third and sixth clusters. The NWP
wind speed and actual power output data for these four
pairs on that day are visualized in Fig. 14.

As seen, Fig. 14 clearly reveals the physical connec-
tions underlying these high attention weights. A prom-
inent shared pattern across all four pairs is that the two
curves within each pair exhibit highly similar fluctua-
tion patterns, but with a distinct time lag. For instance,
in the first pair (WF 47 and WF 33) and the third pair
(WF 35 and WF 45), the overall shapes and trends of the
two power profiles are nearly identical, yet one con-
sistently peaks or changes direction several hours after
the other. The second pair (WF 46 and WF 34) and the
fourth pair (WF 45 and WF 36) exhibit similar lagged
correlation characteristics. This phenomenon—where
paired wind farms share similar patterns that are offset
in time—provides strong evidence of a large-scale
weather system with a clear directional movement se-
quentially affecting these geographically dispersed
regions. Therefore, the high attention weights learned
by the model are not mere statistical coincidences but an
accurate capture of the non-local, time-lagged spatio-
temporal correlations inherent in this physical process,
intuitively validating the proposed method’s capability
in interpreting complex meteorological dynamics.
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Fig. 14. Case study of the spatiotemporal correlation between
WFs between the third cluster and the sixth cluster wind farms on
the fourth day of the test set.

H. Robustness and Applicability Analysis Under Varying
NWP Conditions

To further validate the applicability and robustness of
the proposed method under varying NWP conditions, an
additional comparative experiment is conducted. In this
experiment, three distinct NWP datasets with different
update frequencies (once, twice, and four times a day) are
utilized, which inherently contain accuracy variations
corresponding to different forecast horizons. The perfor-
mance of the proposed method is then compared with the
benchmark method (TCN-LSTM) under these scenarios,
with the results presented in Table VI.

As shown in Table VI, the proposed method signifi-
cantly outperforms the benchmark method across all
evaluation metrics in every tested scenario. Specifically,
while the performances of both models are improved with
more frequent NWP updates, the superiority of the pro-
posed method remains consistent. Even if the NWP data
quality varies, the performance advantage of the proposed
model over the benchmark remains robust. These results
strongly demonstrate that the proposed method exhibits
excellent adaptability and robustness to variations in both
NWP update frequency and accuracy.

TABLE VI
MODEL PERFORMANCE COMPARISON UNDER DIFFERENT NWP
UPDATE FREQUENCIES AND ACCURACY

li])?;fe NWP Eyal.uating Benchmark Proposed
accuracy  indicator method method
frequency
RMSE 0.0841 0.0577
Once a day 0.0809 MAE 0.0642 0.0399
R? 0.6115 0.8168
. RMSE 0.0879 0.0593
Tvgfye & 00811 MAE 0.0712 0.0407
R 0.5988 0.8099
) RMSE 0.0801 0.0572
Fourlimes 00792 MAE 0.0575 0.0391
Y R 0.6543 0.8224

V. CONCLUSION

In this paper, a graph structure learning and STC
recognition and judgment process between WFs based
on the interactive fusion of homogeneous and hetero-
geneous information is proposed for large-scale WFC
short-term power prediction. The STC characteristics
between WFs in a large-scale WFC are modeled in a
refined manner. In this paper, analyzing and leveraging
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the output heterogeneity of WFCs offers a novel ap-
proach for more accurately characterizing the complex
relationship within a WFC.

The STC discrimination based on the WAF matrix
considers the correlation of wind power and selects the
WF nodes with similar characteristics at the same time,
while the information obtained through interaction acts on
the learning of the target WF nodes. The proposed model
of homogeneous and heterogeneous information interac-
tion effectively improves the power prediction accuracy.
Compared with other advanced methods, RMSE and
MAE are decreased respectively by 2.67% and 2.26% on
average, while R? is increased by 19.63% on average.

Although the proposed method effectively improves
prediction accuracy, there exist several limitations.
Methodologically, the discrimination of STC is affected
by factors beyond wind speed and direction, and the
clustering method used is relatively simple. Further-
more, the study is validated based on a dataset from a
single region in Northeast China covering an
eight-month period. Consequently, the model’s ap-
plicability and robustness across different geographical
areas and seasonal conditions need be fully explored.

Future work will proceed in three directions: 1) refining
the current model with additional factors and advanced
clustering; 2) generalizing the WAF-SIFT framework to
other domains, such as photovoltaic power forecasting;
and 3) integrating the proposed spatiotemporal module
with large-scale architectures to synergistically enhance
the prediction accuracy and robustness.
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