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Abstract—Photovoltaic (PV) power forecasting is essential for
secure operation of a power system. Effective prediction of
PV power can improve new energy consumption capacity, help
power system planning, promote development of smart grids, and
ultimately support construction of smart energy cities. However,
different from centralized PV power forecasts, three critical chal-
lenges are encountered in distributed PV power forecasting: 1)
lack of on-site meteorological observation, 2) leveraging extrane-
ous data to enhance forecasting performance, 3) spatial-temporal
modelling methods of meteorological information around the
distributed PV stations. To address these issues, we propose a
Graph Spatial-Temporal Attention Neural Network (GSTANN) to
predict the very short-term power of distributed PV. First, we use
satellite remote sensing data covering a specific geographical area
to supplement meteorological information for all PV stations.
Then, we apply the graph convolution block to model the non-
Euclidean local and global spatial dependence and design an
attention mechanism to simultaneously derive temporal and
spatial correlations. Subsequently, we propose a data fusion
module to solve the time misalignment between satellite remote
sensing data and surrounding measured on-site data and design
a power approximation block to map the conversion from solar
irradiance to PV power. Experiments conducted with real-world
case study datasets demonstrate that the prediction performance
of GSTANN outperforms five state-of-the-art baselines.

Index Terms—Distributed photovoltaic power forecasting,
graph convolutional networks, satellite images, spatial-temporal
attention.

NOMENCLATURE
A. Abbreviations
PV Photovoltaic.
CPV Centralized photovoltaic.
DPV Distributed photovoltaic.
ARIMA Auto-regressive integrated moving average.
SVR Support vector regression.
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RNN
NWP
SWR
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GSTANN

CTSA
PVOD
MAE
RMSE
MAPE
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B. Variables

T3
T,

Ty
X,%WR
h

Long-short-term memory.

Recurrent neural network.

Numerical weather forecast.

Shortwave radiation.

Graph convolutional network.

Graph spatial-temporal attention neural net-
work.

Combined temporal and spatial attention.
Photovoltaic output dataset.

Mean absolute error.

Root mean square error.

Mean absolute percentage error.
Spatial-temporal graph convolutional network.
Graph multi-attention network.

The historical time steps of the timeline.

The lag time steps of the timeline.

The future time steps of the timeline.

The theoretical inferred irradiance from short-
wave radiation points.

The measurements from centralized photo-
voltaic stations.

The predicted power of distributed photovoltaic
stations.

The ground truth power of distributed photo-
voltaic stations.

The number of shortwave radiation points.
The number of distributed photovoltaic sta-
tions.

The number of centralized photovoltaic sta-
tions.

The ground truth total solar irradiance of cen-
tralized photovoltaic stations.

The unweighted graph covering shortwave
radiation, centralized photovoltaic, and dis-
tributed photovoltaic stations.

The vertex number of the graph.

The adjacency matrix of the graph.

The predicted theoretical inferred irradiance of
DPV stations.

The input or hidden ouput of combined tem-
poral and spatial attention.

The input or hidden ouput of transform atten-
tion.
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I. INTRODUCTION

LOBAL economic development and population growth

have led to an increasing demand for global energy and
electricity consumption. Meanwhile, given current high carbon
emissions, environmental damage, and limited fossil fuels,
development of renewable power technologies and the ability
to accurately predict photovoltaic (PV) power are imperative
to development of smart energy cities [1]-[3]. Solar energy
can be converted to electric energy through the PV effect,
which is a promising renewable power technique and has
broad space in development [4], [5]. However, the inherent
volatility and variability of meteorological factors can threaten
safe operation and economic viability of power systems. Since
solar PV power is weather dependent and stochastic in nature,
accurate PV power forecasting remains a challenge and has
received much attention from researchers. Compared with
centralized PV (CPV), several differences of distributed PV
(DPV) are as follows: 1) DPV systems are mostly installed
on the surface of buildings and are the mainstream of grid-
connected PV power generation in developed countries; 2) The
power fluctuation of DPV is stronger than of CPV, which
makes the spatial-temporal correlation of power of DPV
more difficult to capture; 3) DPV stations are not equipped
with multi-sensor local weather monitoring systems like CPV
stations [6]. In China, the PV industry is gradually developing
from CPV stations to DPV stations [7], [8].

From the perspective of forecasting technology, there are
two main approaches for PV forecasting, physical method
and statistical method [9]. The first method uses complex
analytical equations to model the PV system based on factors
related to power production, but its application is limited to
the complexities of real-world power stations [10]. Contrarily,
the second focuses on directly predicting PV power by mining
the inherent laws of different data sources by using statistical
models, machine learning models, deep learning models, etc.
With development of big data and artificial intelligence, the
latter method is widely used in PV power forecasting [11],
[12]. Despite this, few researchers focus on very short-term
DPV power forecasting using novel deep learning methods.

Traditional statistical methods such as auto-regressive mov-
ing average (ARMA) [13] and auto-regressive integrated mov-
ing average (ARIMA) variant [14] are applied to PV power
forecasting using historical power data. However, their predic-
tion errors are larger than machine learning or deep learning
models because traditional models are flawed in supporting
multivariate forecasting. In terms of machine learning models,
reference [15] adopts genetic algorithm-based support vector
regression (SVR) for short-term PV power forecasting. Multi-
variate meteorological data and historical solar irradiance are
taken as input to predict PV power using K-means and grey
relational analysis in [16]. Although SVR and K-means have
the ability to process historical weather data to predict PV
power, i.e. multiple regression, it is insufficient in extracting
the temporal relationship between historical data. Studying
future trends in in-situ meteorological data, such as irradiance,
can help analyze the range of power output. Considering
temporal correlations, literature [17] predicted the day-ahead
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PV power based on a deep learning model, namely long-short-
term memory [18], [19] recurrent neural network (LSTM-
RNN) network, and on-site measurements of meteorological
variables, e.g., wind speed, relative humidity, temperature, and
global horizontal radiation. Nevertheless, given the lack of me-
teorological indicator measurement sensors in DPV stations,
such as irradiance meters, the meteorological information
available in the surroundings needs to be incorporated for DPV
power prediction. Therefore, most of the above models cannot
fully meet the requirements of fusing multi-source data.

Combining surrounding meteorological information to pre-
dict power poses a challenge for spatial correlation modelling.
Literature [20] proposes a geo-sensory multi-level attention
network for short-term PV forecasting based on the numerical
weather forecast (NWP) and clearness index. This work adopts
grey relational analysis to select nearby power stations but
uses a separate attention mechanism model. The temporal
attention mechanism [21] perceives the temporal correlation
of data within a single CPV station, and the spatial attention
mechanism only pays attention to the power information
between different CPV stations. Based on a graph neural
network, combined with LSTM and encoder-decoder archi-
tecture respectively, literature [22] proposes two deep learning
models and uses NWP data for CPV power prediction. Despite
previous studies having achieved good performance in CPV
power forecasting, lack of optimized attention mechanisms
and different data sources both limit their application in very
short-term DPV power forecasting.

On the other hand, the available data sources for PV
power forecasting are broadly divided into the following three
aspects: local measurements data, NWP, satellite cloud images
and others. First, local measurement data is not available in
distributed PV plants due to the lack of a weather monitoring
system. Second, NWP data is only applicable in short-term PV
power forecasts [23], i.e. forecast steps longer than 4 hours.
Last but not least, coarse-grained historical meteorological
information can be obtained using satellite cloud images
covering the range of the power station. Meanwhile, fine-
grained real-time weather information can be accessed through
CPV stations with monitoring systems in the surrounding area.
Combining the above coarse and fine-grained data sources
to jointly predict very short-term DPV power is considered
a feasible solution. Literature [24] and [25] used shortwave
radiation (SWR) data from Himawari-8 to predict short-term
and ultra-short-term CPV power, respectively. Notably, the
former is a regional power forecast and the latter uses lo-
cally measured data and additional NWP data. Literature [26]
applies binary genetic algorithm and SVR for the tedious
feature selection and then predicts short-term DPV power.
Literature [27] utilizes the genetic algorithm and bidirectional
LSTM model to predict short-term DPV power based on
surrounding power stations but lacks the assistance of satellite
cloud images.

However, deep learning methods have been shown to be
superior to traditional machine learning models in their ability
to learn from massive amounts of data and do not require
complex feature engineering. High efficiency and flexibility
of the attention mechanism in modelling multiple depen-
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dencies make it preferable for PV power forecasting [28],
[29], but application of attention mechanisms in DPV power
forecasting still needs further modification. Subsequently, the
graph convolutional network (GCN) can effectively extract
representation and spatial features in non-Euclidean graph
structures, e.g., PV station site [30]-[33]. More novel deep
learning models (e.g., GraphSage [34], GAT [35], GIN [36],
and DeeperGCN [37]) also focus on graph embedding and
representation, but their scalability on DPV power forecasting
remains to be studied. Consequently, incorporating external
data and novel spatial-temporal modelling methods for very
short-term DPV power forecasting still need to be explored.

In conclusion, to forecast very short-term DPV power based
on multi-source data, e.g., satellite remote sensing data, sur-
rounding on-site meteorological data, three major challenges
are encountered:

o Lack of in-situ meteorological measurements. In-situ
measurements are generally considered more reliable
than numerical weather prediction and satellite remote
sensing data [38]-[40]. However, local meteorological
measurements are unavailable for DPV stations due to
construction costs. Therefore, the first challenge lies in
integration of multi-source and valid data for DPV power
forecasting.

o Time misalignment of multi-source data. Typically, there
is a 30-min delay in obtaining satellite data caused by
transmission and preprocessing in real-world applica-
tions [41]. Conversely, on-site measured data of CPV
stations are obtained in real-time. The second challenge
is resolving the time lag between satellite and on-site
measured data from CPV stations.

o Spatial-temporal correlation modelling. Meteorological
measurements may have inherently complex time cor-
relations. Additionally, the spatial correlation between
regional satellite cloud images and surrounding power
plants can affect the weather conditions of DPV sta-
tions [42]. Hence, modelling the dynamic spatial-
temporal correlation of each station represents an addi-
tional challenge.

To address the aforementioned issues, we propose a Graph
Spatial- Temporal Attention Neural Network (GSTANN) and
employ satellite meteorological data and surrounding measure-
ments of CPV stations to predict DPV power. Our contribu-
tions can be summarized as follows:

« We propose a novel and flexible network, GSTANN, for
very short-term DPV power forecasting. This network ap-
plies an encoder-decoder architecture, which can leverage
satellite remote sensing data and real-time solar irradiance
measured by CPV stations for DPV power forecasting.

o We design data fusion and power approximation modules
in this network. A data fusion block is designed to
solve the time misalignment issue between the satellite-
extracted SWR and measured solar irradiance from CPV
stations. This block considerably improves the accuracy
of DPV power forecasting. PV power approximation
is designed to learn the conversion process from solar
irradiance to PV power.
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o We propose a spatial-temporal modelling approach for
DPV power forecasting. Specifically, a GCN is adopted
for extracting spatial features by modelling the SWR and
various stations into an overall graph. Next, we develop
a combined temporal and spatial attention (CTSA) to si-
multaneously perceive the connection between the spatial
and temporal domains throughout the entire architecture.

o We evaluate the GSTANN on a real-world dataset, namely
photovoltaic output dataset (PVOD), and compare a
variety of classic models to verify the advantages of
GSTANN in very short-term DPV power prediction.
Further, we conduct extensive ablation studies.

The rest of this paper is summarized as follows: Section II
presents notation for timelines, time series, spatial graphs,
and problem definitions. Section III introduces details of each
module in the GSTANN. Section IV discusses details of the
dataset and results of the experiments. Finally, Section V
presents the conclusions.

II. PRELIMINARIES AND PROBLEM DEFINITION

In this section, we define some notations and formally define
our problem.

Definition 1 (Timeline). As illustrated in Fig. 1, a timeline is
introduced. The time step J 4+ L stands for the current moment
and J+L+1to J+K (K > L+1) corresponds to future time
steps. Given there is a delay of L time step for the SWR points,
the time lag is defined as T;. Similarly, the historical time steps
are defined as T}, and the future time steps are defined as T7.
Thus, for the sake of simplicity, Tseq = {Th, T1, T} = {t1,

RIS SN SAEPEEEIN § SN SE5 NEPEEEIN S48 g 3
,,,,,,,,,, Input _________ i OQutput
Local meteorological data
CPV xgV | XEY
Lag satellite cloud image

No on-site
DPV meteorological data
DPV power

0 J
e— T, :

Fig. 1. Schematic of the definition and timeline.

Definition 2 (Time Series). Given the values of historical
T}, time steps of the theoretical inferred irradiance from SWR
points X$WVR € RN"*MxJ in addition to the measurements
from CPV stations X%E\{«l IS RNCXMX(‘”L), we aim to
predict the DPV power of the next Ty time steps, denoted
by predicted power YTf e RN"*(K-L) where NS, NP, and
NC€ represent the number of SWR points, DPV stations, and
CPV stations, respectively, and M is the dimension of features
such as solar irradiance and temperature. Specifically, we use
Yr, € RN"*(K-L) o denote the real DPV power and use



1494

IFPY € RN“X(X-L) o represent the label of CPV solar
irradiance.
Definition 3 (Spatial Graph). Combined the N5 SWR points
with NP DPV stations and N© CPV stations, the spatial graph
is denoted by an unweighted graph G = (V', A), where V is
aset of N = |V| = NS+ NP 4 N© nodes. The adjacency
matrix A € RN*N contains the connected state of all nodes.
Problem Definition: In summary, the goal is to predict
DPV power Y7z, based on the delayed SWR points X7WF

and real-time surrounding CPV measurements X.¢Fy.. We
formulate this target as the following:
SWR. yx CPV :
f (XTh ’ Th;TL) - YTf (])

where f(-) is a mapping function we aim to train and learn.

III. GRAPH SPATIAL-TEMPORAL ATTENTION
NEURAL NETWORK

In this section, we first introduce the architecture of the
proposed GSTANN and then elaborate on each component
from top to bottom.

A. Network Overview

On the top left of Fig. 2 lies the input data block, including
the integrated spatial graph G, theoretical inferred irradiance
X3VR, and measured solar irradiance X7, On the bottom

left is the output data and label, including DPV power YTf

and its label YTf, CPV measured solar irradiance I%}DV
{fput no Timelinol
: . ° ° ¥ imeline |
E L4 E E Graph Spatial E
' [ e ', Convolutional | >  Temporal |
‘ 0" Embedding
| [ ) ® " Layer '
LG n '
H o se |te, |
E Ei HC*D 56, i
| XSWR " HC“‘)\ .
E K vy Combined =
' o g Temporal and Spatial !
' nog i :
| en } 3 Attention i :
E T % Transform Attention 7 G—— E
i o | Transform Attention |FFC® '
' h ! :
1 CPV 1 : . :
E X @—h—» Data Fusion '
{Label Output |1 |
: ) n HC®D |
! I‘;P\:: 5 ,
! ;o . ® ) :
! e A § Combined HC -
N St in g Temporal and Spatial '
b N Attention '
E Power Approximation E

Centralized PV [[ ] Distributed PV @ SWR

Fig. 2. GSTANN: Graph spatial-temporal attention neural network.
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and its label I%D V. and predicted DPV theoretical inferred

irradiance fo,.

On the right, we show the spatial-temporal dependency
modelling with GCN and spatial-temporal embedding, an
encoder-decoder architecture with data fusion, attention mech-
anism, and power approximation. Here, GCN extracts the spa-
tial features from the spatial graph, and its output is embedded
with the global timeline. The encoder is responsible for the
acquisition of the spatial-temporal correlations in historical
time T},. Transform attention encodes the relationship between
historical {T},,T;} and future T time steps. The data fusion
block integrates the X%PV while considering the delayed
X3WVR. The decoder block models the global time Tyeq and
spatial features to predict solar irradiance, and the power
approximation block completes the mapping of modelling
from solar irradiance to DPV power in a future time T7.

B. Spatial Dependency Modelling for Spatial Graph and Tem-
poral Embedding

PV power output is influenced by local meteorological
conditions and correlated to other stations in the power grid.
Therefore, we employ GCN and spatial-temporal embedding
to model spatial-temporal dependency.

Graph Convolutional Layer: Considering the effects of
geographical factors on the graph and the suitability of GCN
for modelling non-Euclidean sub-region correlations, we apply
GCN to extract the geometrical and spatial features. We take
X, as the GCN input, and then the two-layer GCN can be
expressed as:

9(Xy, A) = o(A(ReLU(AX ,W,)) W) )

where A = D3 AD~% denotes the pre-processing step,
the degree matrix D= > j Aij, W, and W represent the
weight matrices in the first and second layers, respectively, and
o(-) and ReLU(-) represent the sigmoid and rectified linear
unit activation functions, respectively. We also add the identity
matrix A = A+1Iy to generate a matrix with a self-connection
structure, where Iy is an N-dimensional identity matrix. A is
calculated based on the integrated power grid G, and a;; € A
is formulated as:

0y = { 1, dlstanc.e” < K; 3)

0, otherwise.

where distance;; is the Euclidean distance coefficient between
graph nodes ¢ and j, and & is the distance threshold.

To cover the spatial features of the entire graph, we elab-
orate on input X, with the great-circle distance. Given the
haversine formula [43] determines the great-circle distance be-
tween two points on a sphere for a given set of longitudes and
latitudes, feature matrix X, € RN*N is defined to represent
the great-circle distances of all the nodes to supplement the
macroscale spatial feature of A. (4) explicitly solves for the
distance zf; € X,

g _
ij

A A
2r arcsin <\/ sin® (2“0) + cos(ip;) cos(p;) sin? (;))

“4)

X
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where ¢; and ¢; are the latitudes of point ¢ and point j (in
radians), respectively, A; and \; are the longitudes of point ¢
and point j (in radians), respectively, AX = A\; — \;, Ap =
©j — ¢4, and 7 is the radius of the Earth in km.

Spatial Temporal Embedding: To transmit the global
spatial-temporal representation to the following modules and
improve the representation ability of GSTANN [44], we apply
spatial-temporal embedding [45] to integrate these global
spatial-temporal correlations, including spatial embedding of
graph nodes and temporal embedding of time-of-day. Spatial
embedding involves storage of graph structure by embedding
node n € V and transformation of spatial embedding to the
D dimension vector, which is represented as se, € RP.
Meanwhile, temporal embedding involves encoding each time
step and mapping it to RP, where temporal embedding of a
time step ¢ € Tyeq is represented as tey € RP. Then, this skip-
connected embedding of node n at time step ¢ is represented
by scpt = (sen +ter) € RN*Dx(J+K)

C. Spatial-temporal Dependency Modelling for Spatial Graph
and Measurements

Combined Temporal and Spatial Attention: PV power of
a station is typically correlative with several nearby nodes
and closely related to time of day. For example, toward
evening, power capacity of PV stations in the area gradually
decreases. In other words, historical PV power and data of
the surrounding stations or SWR points will affect current
power of a DPV station. Moreover, this effect varies gradually
over time. To model these spatial-temporal properties, both the
encoder and decoder blocks are stacked by multiple CTSA
to synchronously obtain the temporal and spatial correlation.
However, the difference from the decoder is the encoder block
combines the T}, data of SWR and CPV stations.

We assume the input of the k-th CTSA layer is HC'*~1),
and the hidden state result of pointn € V at time step ¢ € Tyeq
is represented by hcgft_ Y as shown in Fig. 3. Output of the
first layer is HC*), and the hidden state output of node 7 in
layer [ at time step ¢ is given by:

e =3 Y o helis?
t'<tn’'eV
Z Z An,t),(n't) = 1 (5
t<tn'€V

where a (1), (n’,++) 18 the attention score of node n at time step
t to node n’ € V at time step ¢’ € Tyeq. The attention scores
are calculated by normalizing s, ¢, (n/,¢) With softmax.

The hidden state is concatenated to calculate the corre-
lation between (n,t) and (n’,¢'). We formulate correlation

S(n,t),(n 1) 8S:

— k—
<hc§l,t 1)||scn,t, hcgl,,t,l) [Er)

S(n,t),(n’,t’) = \/ﬁ (6)
exp(8(n,t),(n’,t')) o

an’ 7n/’/ ==
) S e S me ey OXD(S(n.0), (e )

where || represents the concatenation operation, (-,-) repre-
sents the inner product, and 2D represents the dimension of
hc(k 2 ||scn,t.
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Fig. 3.

Schematic of combined temporal and spatial attention.

Substituting the attention score « obtained by (7) into (5),
we obtain the output of the k' layer hc( . Then, all hc( 0
are concatenated to obtain HC¥. When k = 0, HC" is
mapped to the result of RN*P*J through two fully connected
layers.

Transform Attention: To model the relationship between
T; and T, transform attention is added before data fusion.
For SWR data before the decoder, the future time of SWR
is {T;, Ty} and the historical time of SWR is T},. Similar
to CTSA, the correlation is calculated with the inner product
of the skip-connected embedding sc, ;. and sc, i, (tir €
{T1,Ty},tn € T3). Then the attention score is the result of
correlation normalized by softmax We assume the output of
the first layer is HT]f)Tf and H, (k) T,.T; is calculated by the sum
of the corresponding time step h1dden state results in the (k —
1)™ layer with attention scores.

D. Time Misalignment Modelling and Power Approximation

Data Fusion: The features of the nodes corresponding to
X%YVR and X%})V before time step J are available. To use
data closer to the current moment J + L as soon as possible
and obtain a more accurate prediction result, the measured
solar irradiance X"V is added to the data fusion.

As shown in Flg 4, we combine XEPV with the out-

put feature of transform attentions H;l) and Héﬂk), which
provides prior knowledge to the decoder block and plays
an important role in enhancing the prediction performance.
X%PV is mapped to RN*P*L through two fully connected
networks fc,(-) and is assigned a weight (1 —+), while H(k)
is assigned a weight of ~y. The weighted sum result and H. k)
are concatenated as the CTSA’s input HC™ in the decoder
block, as given in (8).

HO" = (yo HY +(1-7) 0 fa(X§V)|HY  ®)
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Data Fusion

[[] Output of transform attention HC"
[[] nput of decoder block

Fig. 4. Schematic of data fusion.

where © denotes the element-wise product.

To perform data fusion with higher robustness, v must be
adjusted adaptively. Weight ~ goes through a self-adaptation
attention, and is subsequently normalized to (0,1) by a o
function, as shown in (9).

Y=0 (H;Z)WM fa (XCPV)WM + bv) 9

where W1, W,5, and b, are the learnable parameters, trained
by the optimization algorithms to realize self-adaptation. Dur-
ing the training process, adjustment of ~ leads to a different
preference between H:(rlf) and X ¢V,

The decoder block re-encodes the features after fusing
X gV to predict solar irradiance of the PV stations. As in
the case of the encoder block, this block is also stacked by
multi-CTSA. Notably, following both the supervised learning
and semi-supervised learning paradigm, all the decoder block
outputs YTf, ITf, and I%PV, are used for input in power
approximation.

Power Approximation: Given the inherent characteristics
of PV power, power is directly proportional to global solar
irradiance [46]. To accurately predict PV power, we propose a
power approximation block that consists of a convolutional
neural layer and two fully connected layers for learning a
mapping approximation model from ITf to YTf

Yr, = o(fe2(Wyplr, +by)) (10)

where W), and b, are the learnable parameters.

In contrast to no-label fo, both YTf and IGFV have labels.
We design a multi-target loss function expressed by (11), (12),
and (13).

ICPVH2 (11)

loss; = |T | Z ’

teTy
T
1 2% :

f

Hyperparameters 77; and 72 are used to control the impact
of CPV irradiance and DPV power on the loss function (13).

13)

(12)

loss = nloss; + n2loss,

IV. EXPERIMENTS

In this section, we first introduce datasets and then expound
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on the data preprocessing. Further, we discuss the implemen-
tation and training model. Finally, we present the following
experimental process and analyze the results.

A. Datasets

As shown in Fig. 5, the PVOD dataset integrates PV station
records such as PV power, solar irradiance of the power
grid (Hebei PV stations), and the preprocessed SWR from
Himawari-8.

Fig. 5.

Subset of PVOD (left) and satellite remote sensing data (right).

Hebei PV stations: We collect data from 6 PV stations at
different latitudes and longitudes in Hebei, China. Each CPV
station exhibits a 15-min interval in power and meteorological
data measurements such as global irradiance, diffuse irradi-
ance, temperature, pressure, wind direction, and wind speed,
whereas only the value of power is provided for each DPV
station. Both datasets range from July 1, 2018, to December
31, 2018, and available data of each day are acquired from
8:00 am to 5:00 pm (Coordinated Universal Time + 0800).
We arrange the datasets in chronological order, and then data
from each PV station for every 5 days were used for the test
(20%); the rest were used for training (80%). This ensures the
test set is evenly distributed and avoids training in summer
and testing in winter. The first release of the measurements
data can now be accessed through [47].

Shortwave Radiation: Himawari-8 is a geosynchronous
satellite, launched by the Japan Meteorological Agency in
2015, which provides reports on weather forecasts, typhoons,
and rainstorms around Japan, East Asia, and the Western
Pacific. The detection range of Himawari-8 is 60° S-60°
N Ilatitude, 80° E-160° W longitude, and spatial resolution
is 0.05°, which corresponds to approximately 5 km on the
ground. All detected data are 2401 x 2401 matrixes. As one of
the geophysical parameter data produced by the JAXA P-Tree
system using the Himawari Standard Data, the SWR product
is used in this work and is calculated based on the Himawari
data [41], [48], [49]. The shape of the SWR product is the
same as the shape of the detected matrices, corresponding
to the theoretically inferred irradiance at each latitude and
longitude position. There is a transport and preprocessing
delay of 30 mins in obtaining the SWR data’.

IThe SWR dataset is now publicly available https://himawari8.nict.go.jp/
and https://www.eorc.jaxa.jp/ptree/index.html for nonprofit purposes.
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B. Data Preprocessing

In this experiment, we choose a subset of the PVOD to
validate GSTANN, which provides a 10 x 14 SWR grid.
This subset of PVOD provides a dataset comprising 146
nodes, including 140 SWR points and 6 PV stations, whose
range is 36.35° N-36.8° N latitude and 113.5° W-114.15° W
longitude. We build the spatial graph G based on these 146
nodes. The SWR is a 10-min interval matrix, whereas each
CPV station is a 15-min interval sequence. We extract a 10-
min sequence of each point from the SWR and interpolate it
into a 15-min sequence that aligns with the measured solar
irradiance sequence of the CPV stations. As shown in Fig. 6,
we calculated the Pearson correlation coefficient between
all features and power output. Since the Pearson correlation
coefficient between solar irradiance and power is the highest
(0.98), we select global irradiance as the input of the encoder
and data fusion.

C. Experimental Setting

1) Evaluation

We evaluate the performance of our model with respect
to three widely used metrics, namely, the mean absolute
error (MAE), root mean square error (RMSE), and mean
absolute percentage error (MAPE). The equations of metrics
are expressed as:

(14)

15)

Yt — Yt

x 100% (16)

2) Hyperparameters

For the 30-min delay corresponding to the SWR grid and the
15-min time interval of Hebei PV stations, we set time index
J=4(1h), K=4(h), time lag L = 2 (30 mins), N = 146,
and M = 1. Then, we could predict the K — L time steps (45
mins, 60 mins). In spatial dependency modelling, x = 0.05
owing to the latitude and longitude resolution of SWR, r =
6371 km, and the embedding dimension is D = 64. We apply
five CTSA layers in both the encoder and decoder blocks. We
use the Adam optimizer, with a learning rate A = 0.0001, to
train 110 epochs, where 773 = 0.5 and 72 = 0.5 in the loss
function.
3) Baseline Metrics

For comparison, we employ five classic baseline methods:
(1) ARIMA: Auto-regressive integrated moving average is a
statistic model for time series prediction task [13], (2) SVR:
Support vector regression [50] uses specific training features to
predict the target through regression analysis, (3) FC-LSTM:
Sequence-to-sequence model with fully connected LSTM lay-
ers in both the encoder and decoder [51], (4) ST-GCN:
Spatial-temporal graph convolutional network that uses graph
convolutional layers for forecasting [31], and (5) GMAN:
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Graph multi-attention network that leverages node2vec [52]
to learn node representations [45].

Owing to the limitation of timeline misalignment, the above
comparison experiments can only use 7}, data but not 7;
lag data. For fairness in considerations, five baselines and
GSTANN-no-data-fusion (No-DF) are employed to predict PV
power in T’y based on historical data in T},. Additionally, we
evaluate the performance of the original GSTANN.

D. Results and Discussion

Tables I and II present the overall results of and comparisons
between the baselines on a subset of PVOD in terms of MAE,
RMSE, and MAPE. No-DF outperforms five baselines in terms
of MAE and RMSE, and performs comparably to MAPE.
Notably, for the 45-min and 60-min power predictions, the
average performance of GSTANN is significantly better than
other methods. In particular, in short-term prediction, the 60-
min RMSE of GSTANN still retains high accuracy compared
with the 45-min RMSE. Moreover, we can observe those deep
learning methods (e.g., FC-LSTM, ST-GCN, and GMAN, they
pay attention to either spatial or temporal correlations) and
perform better than traditional models (e.g., ARIMA, SVR).

In real-world applications, due to lack of local measurement
devices for DPV, most existing methods (e.g., ARIMA, SVR,
and FC-LSTM) are designed for CPV stations, then ST-GCN
and GMAN are originally designed for traffic prediction prob-
lems, but encoder-decoder architecture has been well verified
in time series forecasting. GSTANN focuses on DPV power
forecasting exploiting neighboring CPV station nodes and
SWR points, spatial or temporal features are both exhibited.

According to the weather record, we notice that December
8th, 13th, and 18th were almost sunny; first two were oc-
casionally cloudy. As shown in Fig. 7, the GSTANN model
can predict peaks and fluctuations pretty well on sunny days
in both 45- and 60-min PV power prediction, whereas other
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TABLE I
RESULTS OF 45-MIN PV POWER FORECASTING OF DIFFERENT STATIONS ON PVOD

45-min (MAE (MW)/RMSE (MW)/MAPE (%))

Models Station-000 Station-001 Station-002 Station-003 Station-004 Station-005 Average
ARIMA 2.58/2.98/135  1.87/2.21/67  2.24/2.62/66 ~ 2.72/3.27/102  2.44/2.81/96 2.58/2.99/77  2.41/2.81/91
SVR 1.70/2.40/57 1.30/1.85/43  1.50/2.08/45  1.72/2.39/71 1.61/2.29/36 1.70/2.40/45  1.59/2.24/49
FC-LSTM 2.65/3.30/60 2.31/2.75/61  2.21/2.77/57  2.69/3.31/59 2.68/3.29/56 2.83/3.43/59  2.56/3.14/59
ST-GCN 1.40/1.95/35 1.05/1.42/37  1.18/1.49/25  1.98/2.54/49 1.47/1.91/108  1.60/2.28/33  1.45/1.93/48
GMAN 1.36/1.81/71 1.40/1.77/52  1.58/2.04/51  1.84/2.32/69 1.27/1.77/147 1.86/2.31/49  1.55/2.00/56
No-DF 1.40/1.91/39 1.62/2.16/46  1.48/2.08/37  1.84/2.39/53 1.36/1.93/34 1.84/2.38/34  1.59/2.14/40
GSTANN-S  1.33/1.80/46 1.27/1.64/40  1.40/1.88/38  1.95/2.42/51 1.19/1.69/34 1.76/2.21/36  1.48/1.94/41
GSTANN 1.31/1.81/45 1.06/1.45/29  1.03/1.49/28  1.28/1.77/67 1.25 /1.73/30  1.26/1.85/29  1.20/1.68/38
TABLE II
RESULTS OF 60-MIN PV POWER FORECASTING OF DIFFERENT STATIONS ON PVOD
Models 60-min (MAE (MW)/RMSE (MW)/MAPE (%))
Station-000 Station-001 Station-002 Station-003 Station-004 Station-005 Average
ARIMA 3.00/3.43/270  2.19/2.56/116 ~ 2.54/2.93/83  3.13/3.70/138  2.95/3.32/164  3.08/3.52/247  2.81/3.24/170
SVR 1.85/2.64/82 1.46/2.07/57 1.58/2.21/51  1.89/2.69/79 1.78/2.52/43 1.9/2.68/86 1.74/2.47/66
FC-LSTM 2.57/3.20/52 2.21/2.65/53 2.15/2.70/45  2.61/3.22/48 2.62/3.22/51 2.73/3.31/51 2.48/3.05/50
ST-GCN 1.50/2.05/41 1.14/1.53/44 1.25/1.58/28  2.11/2.71/66 1.48/1.93/69 1.62/2.30/36 1.51/2.02/47
GMAN 1.50/1.99/125  1.64/2.04/84 1.69/2.20/61  1.93/2.44/80 1.43/1.93/72 2.00/2.47/125  1.70/2.18/91
No-DF 1.43/1.98/55 1.69/2.25/56 1.52/2.14/42  1.88/2.46/58 1.39/1.98/41 1.84/2.39/53 1.63/2.20/51
GSTANN-S  1.40/1.88/69 1.43/1.83/61 1.38/1.92/44  1.99/2.53/60 1.29/1.80/51 1.86/2.37/69 1.56/2.05/59
GSTANN 1.36/1.89/55 1.09/1.51/42 1.07/1.56/31  1.36/1.85/76 1.24/1.74/33 1.29/1.91/55 1.24/1.74/49
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Fig. 7. Schematic of PV power prediction performance (Station 0). (a) Schematic of the 45-min prediction experiment. (b) Schematic of the 60-min prediction

experiment.

models cannot, especially in the small-range fluctuations on fluctuation of power due to cloud flow. Experimental results
December 8th. In addition, on December 13th and 18th, also demonstrate the GSTANN model can timely sense rapid
GMAN and ST-GCN incorrectly predicted the peak position changes in power under these weather conditions, including
of the PV power curve, and were unable to perceive the increase and decrease of power, but other models (e.g., ST-
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GCN, LSTM, SVR, ARIMA) have obvious perception delays.
Although the 60-min prediction error of ST-GCN is 2 per-
centage points lower than of GSTANN in terms of MAPE,
from Fig. 7(b), the ST-GCN prediction curve still has an
offset. Considering the three evaluation metrics, GSTANN is
superior to other models in overall prediction performance.
In particular, the prediction time of all models in this paper,
including GSTANN, is less than 1 millisecond, thus the model
inference time is in line with the time requirement of PV power
prediction.

E. Ablation Studies

To investigate the effect of each component on our model,
we evaluate the model by removing data fusion, and CTSA,
hereafter represented by No-DF, and GSTANN-S, respectively.
Then we also develop four graph neural network (GNN)
variants based on GSTANN to show the scalability of the
proposed network.

In GSTANN-S, the CTSA mechanism is divided into two
separate modules, i.e., temporal attention, and spatial attention.
The former considers the historical state of the current node,
and the latter only considers the states of the surrounding
nodes at one moment. In four GNN variants experiments, mod-
ule GCN is replaced by GraphSAGE, GATconvs, GINconvs,
and DeeperGCN, respectively. Their inputs are simplified to
A and the identity matrix I, then we retrain every model to
include GSTANN without feature matrix X . In No-GCN, the
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output features of GCN are all filled with zeros in the case of
model integrity. Hidden channels of GCN, GraphSAGE, and
DeeperGCN are all 146, and the hidden dimension of GIN
adopts default setting 32. The first hidden channel and heads
of GAT are set to 16 and 8, respectively. The output of all
GNN variants is the same as GCN (D = 64).

Table I and II clearly indicate that when the data fusion
module is removed, the evaluation error significantly increases
both within 46 and 60 mins. This proves the proposed data
fusion can effectively handle time misalignment between de-
layed SWR and measured solar irradiance of CPV stations
to obtain more accurate power prediction. Compared with
GSTANN-S, GSTANN with CTSA has shown advantages in
60-min time step prediction in most power stations.

The PV power prediction task is more concerned with
some fluctuations. According to Fig. 8(a), (b), on one hand,
it can be seen that GCN and GIN can effectively extract
spatial embedding features and assist in learning peak power.
On the other hand, without the GCN module, the model
can hardly perceive peak power from the surrounding nodes.
Lacking edges weights X, in this ablation study, performance
of some GNN variants (e.g., GraphSAGE, GATconvs, and
DeeperGCN) does not perform as well as GCN and GIN.
Considering lightweight deployment and real-time inference,
some GNN variant models, which are too redundant or are
not suitable for time series prediction, may not apply to actual
DPV prediction application.
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Fig. 8.

Schematic of ablation study (Station 0). (a) Schematic of the 45-min GNN ablation study. (b) Schematic of the 60-min GNN ablation study.
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V. CONCLUSION

In this study, we have proposed GSTANN to predict very
short-term DPV power. First, we used satellite remote sensing
data covering a specific geographical area, to enhance the
meteorological features of all the power stations. Second,
we incorporated a graph convolution block and modelled the
non-Euclidean local and global spatial dependence of the
SWR grid and power stations. Moreover, temporal and spatial
correlations were simultaneously obtained by using the CTSA.
Then, we proposed a data fusion to resolve the time lag
between solar irradiance and satellite remote sensing data
and applied a power approximation module to capture the
mapping function of DPV power. Experiments on real-world
case studies with multiple power stations demonstrated the
prediction performance of GSTANN was significantly better
than those of the five state-of-the-art baselines. Furthermore,
this study is partially suitable for transfer to improve the
calculation accuracy of satellite remote sensing data, based
on the data fusion of PV power and ground observation.

Deep learning methods are indeed superior to traditional
methods in DPV power forecasting, but they are also regarded
as a black box forecasting method. One future work is to study
the internal interpretability of the model, such as visualizing
and explaining the significance of the weight of each module.
Other work is to experiment with more power stations and
explore more novel graph neural networks to improve accuracy
of DPV power forecasting.
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