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G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

Both satellite- and NWP-based data are used for solar forecasting with TFT.
A simple yet effective method is applied to integrate spatiotemporal data into TFT.
Spatiotemporal inputs tend to yield better solar forecasts than single-pixel data.
Interpretability analysis is performed to help with the understanding of models.
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 A B S T R A C T

With the increasing capacity addition of solar energy systems, solar forecasting is vital and cost-effective to 
mitigate solar variability and to support their operation. The temporal fusion transformer (TFT) has shown 
great potential in both solar irradiance and power output forecasting using multiple one-dimensional time 
series data. Since spatiotemporal information is more beneficial for solar forecasting, this work applies a simple 
yet effective way to incorporate two-dimensional spatiotemporal satellite- and numerical weather prediction 
(NWP)-based inputs with TFT for more skillful irradiance forecasts. Results show that spatiotemporal inputs 
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Interpretability analysis
 

with simple spatial averaging can generally lead to better irradiance forecasts with 4-h ahead skill scores up to 
12.24%, compared to the use of single-location data. The benefit of using spatiotemporal information is more 
pronounced for forecasts under cloudy conditions, whereas it might result in some misrepresentations when 
the sky is clear or less cloudy. NWP data can generally be used to improve the intra-day solar forecasting 
performance with TFT, and the interpretability analysis shows that NWP irradiance products have a larger 
impact (up to 22.07%) on the overall results. Although NWP products are beneficial for intra-day solar 
forecasting when integrated with satellite-based data, their influences under different sky conditions and 
forecast horizons might be different. A proper analysis of these impacts should be performed and interpreted 
in practical applications for the reliability of energy systems. This work on improved irradiance forecasts with 
TFT and interpretability analysis is crucial for the operation of solar energy systems.
1. Introduction

Renewable energy sources are on track to break new records in 
global power generation over the predicted period of 2025–2027 [1], 
where solar photovoltaic (PV) is set to be the second highest worldwide 
clean energy source (after hydropower) of electricity production by 
2027 [1]. However, solar power generation exhibits a high variability 
due to its intermittent nature [2,3], which greatly hinders the operation 
and reliability of solar energy systems [4]. As the penetration of solar 
energy in the electricity generation mix continues to increase, driven 
by the supportive policies and lowered costs [5], it is paramount to 
understand periods with reduced solar power generation because of 
weather conditions [1,6]. Ground-level solar radiation, namely, direct 
normal irradiance (DNI), diffuse horizontal irradiance (DHI), and global 
horizontal irradiance (GHI), is the ‘‘fuel’’ for all solar energy technolo-
gies [7]. Therefore, it is necessary to know the availability of future 
solar radiation to support the operation of solar energy systems [5]. 
Solar forecasting herein is to provide predictions up to several days 
ahead to facilitate the scheduling of various power production sources 
and to alleviate the solar variability [5,8].

Solar forecasting is generally known as both solar irradiance fore-
casting and solar power output forecasting [9,10]. The former focuses 
on irradiance quantities, while the latter deals with the power gener-
ation of solar energy systems. Solar irradiance and power output are 
intrinsically linked, since irradiance is the key driver for power gener-
ation of any solar energy systems [7]. Although there are a variety of 
studies on direct solar power forecasting [11,12], it is suggested to use 
high-accuracy irradiance forecasts to produce good solar power genera-
tion predictions via the solar power curve [7,10], which is known as the 
two-step framework [13]. This is because irradiance forecasts should 
consider exploiting physical laws governing the available amount of 
radiation reaching the ground through atmospheric processes [13]. 
Although direct data-driven power predictions can also incorporate 
spatiotemporal inputs to capture cloud motions, the performance of 
statistical and machine learning methods is highly dependent on the 
amount and quality of the training data [14], and such power dataset 
is often not practically available because of proprietary and privacy 
reasons [15].

Given the spatiotemporal nature of surface solar irradiance, fore-
casting with locally sensed data is incapable of producing accurate 
results for longer horizons [16]. Moreover, these single-location pre-
dictions that cannot capture the spatiotemporal cloud dynamics may 
have a negative impact on the solar power output modeling [5]. 
Spatiotemporal information should therefore be integrated in solar 
forecasting models for more skillful forecasts [5,16]. There are three 
basic methods to provide spatiotemporal data for solar forecasting in 
different forecast horizons: (1) locally sensed sky images are gener-
ally suitable for intra-hour forecasting [17]; (2) satellite-based data 
are particularly informative for intra-day forecasting [3,6]; and (3) 
numerical weather prediction (NWP) products are traditionally used 
for day-ahead forecasting [5]. Sky images are generally used to extract 
fine-grained cloud motions for the near future with various image pro-
cessing techniques [18]; satellite imagery and satellite-derived products 
can provide atmospheric information (i.e., cloud and aerosol) for a 
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larger scale due to their broad spatial coverage [19]; while NWP models 
simulate atmospheric dynamics with a set of physical equations and 
solar irradiance forecasts can be a few days ahead [20]. In various solar 
forecasting scenarios, machine learning based data-driven methods 
have been extensively used to extract features from different types 
of inputs [21]. Nevertheless, since the spatiotemporal resolution of 
satellite- and NWP-based products becomes increasingly finer, it ought 
to be beneficial to collectively consider different types of information 
that can infer the atmospheric process in solar forecasting [4,5]. For 
instance, sky images and 5-min satellite measurements can be incorpo-
rated for intra-hour forecasting [3,22]. Similarly, satellite-based data 
and hourly updated NWP products can be integrated for intra-day 
forecasting [5].

Numerous machine learning methods have been proposed for solar 
forecasting with various types of inputs [10,22], for instance, vision 
transformers with sky images [23], the deep learning model chain with 
satellite images [6], and post-processing NWP irradiance forecasts with 
deep learning [24]. However, limited studies explore the combina-
tion of satellite- and NWP-based data for intra-day solar forecasting, 
given their much increased spatial and temporal resolutions. In the 
integration of historical observations and known-future information for 
forecasting applications, temporal fusion transformer (TFT) has been 
widely used with accurate and interpretable results [25]. In TFT-based 
solar forecasting, observed inputs generally include on-site measure-
ments of solar irradiance, solar power output, and some meteorological 
data (e.g., temperature and wind speed), while known-future inputs 
typically consist of clear-sky solar irradiance, calendar information, 
and weather forecasts (e.g., temperature and relative humidity) [8,26]. 
However, this actually does not leverage full advantages of operational 
NWP models since various NWP products can provide valuable informa-
tion regarding the future atmospheric status [20]. Among the numerous 
NWP variables, the ones that are most related with solar radiation 
include forecasts of irradiance itself and cloud amount. While forecasts 
of temperature and wind speed can affect PV power outputs, their 
impacts on shortwave solar irradiance are limited [27]. Meanwhile, 
NWP models already take wind speed and direction into account when 
modeling cloud dynamics [20]. On this account, it could be beneficial 
to incorporate both past satellite observations and NWP forecasts of 
irradiance and cloud amount in TFT for improved intra-day solar 
forecasting.

As mentioned, spatiotemporal inputs are more advantageous than 
the single-location information for solar forecasting due to the spa-
tiotemporal characteristics of solar irradiance [5,16]. However, TFT-
based solar forecasting models usually use multiple one-dimensional 
time series data [25,28], while the two-dimensional spatiotemporal in-
formation cannot be directly incorporated. To address this challenge, a 
simple yet effective method is adopted to integrate the two-dimensional 
spatiotemporal information into TFT-based solar forecasting. Since on-
site irradiance observations are typically one-dimensional data, re-
gional satellite-derived irradiance and NWP forecasts of irradiance and 
cloud amount are used as the spatiotemporal inputs [6]. Moreover, 
advanced machine learning models may have a high-performance in 
solar forecasting, while the interpretability of such models are generally 
compromised [29]. Another advantage of TFT-based solar forecasting 



S. Chen et al. Energy and AI 23 (2026) 100667 
Nomenclature

BON Bondville
CSI Clear-sky index
DHI Diffuse horizontal irradiance
DNI Direct normal irradiance
DRA Desert Rock
ELU Exponential linear unit
FPK Fort Peck
GHI Global horizontal irradiance
GLU Gated linear unit
GRN Gated residual network
GRU Gated recurrent unit
GWN Goodwin Creek
HRRR High-Resolution Rapid Refresh
LSTM Long-short-term memory
MAE Mean absolute error
MLP Multi-layer perceptron
nMAE Normalized mean absolute error
nRMSE Normalized root mean squared error
NSRDB National Solar Radiation Database
NWP Numerical weather prediction
PSU Pennsylvania State University
PV Photovoltaic
QC Quality control
RMSE Root mean squared error
SURFRAD Surface Radiation Budget Network
SXF Sioux Falls
SZA Solar zenith angle
TBL Table Mountain
TCN Temporal convolution network
TFT Temporal fusion transformer
UTC Coordinated Universal Time
XGBoost Extreme gradient boosting
Notations

𝑜̄ Mean of observations
◦ Degree
𝜂 Intermediate layer
𝐼 Clear-sky index forecast
𝑋̂ Known future inputs
F Forecasting model
⊙ Element-wise Hadamard product
𝜎(.) Sigmoid activation function
𝑎 Input
𝑏𝑖 Bias
𝑑𝑎𝑡𝑡𝑛 Dimensionality
𝑓 Forecast
𝐻 Attention head
ℎ Number of heads
𝐾 Key
𝑁 Number of data points
𝑜 Observation
𝑄 Query
𝑅2 Coefficient of determination
𝑡 Time
𝑉 Value
3 
𝑊𝑖 Weights
𝑋 Historical inputs
DNI_sat Satellite-derived direct normal irradiance
DSWRF Downward shortwave radiation flux
GHI_sat Satellite-derived global horizontal irradi-

ance
HCDC High cloud cover
LCDC Low cloud cover
MCDC Middle cloud cover
TCDC Total cloud cover
VBDSF Visible beam downward solar flux
Subscripts

𝑓 Forecast of interest
𝑟 Reference forecast
𝑡 Time

Superscripts

𝑖 The 𝑖th index
𝑗 The 𝑗th index
𝑇 Transpose

is its interpretability on the attention mechanism and variable selec-
tions [8,25]. The interpretability is generally known as the contribution 
of each input feature of the model to forecasting results [30]. To 
facilitate the understanding and design of forecasting models in solar 
energy systems, it is necessary to address their interpretability [29]. 
Many techniques (model-specific and model-agnostic) have been used 
in explainable machine learning for global or instance interpretabil-
ity analysis, such as Shapley additive explanations [31], permutation 
feature importance [32], and local interpretable model-agnostic expla-
nations [33]. While these techniques can provide explainability for 
the behavior of machine learning forecasting models, their interpre-
tations on the final forecasting results are still unclear [34]. Since 
solar irradiance exhibits huge variations due to the changing weather 
conditions, this study also aims to investigate the interpretability of 
TFT-based solar forecasting. This can better support the integration of 
solar energy into the power system, supporting grid regulation, load-
following generation, and unit commitment with reduced costs [3,17], 
as shown in Fig.  1. The major contributions are summarized as follows:

• High-resolution (3-km–1-hour) NWP products are used as both 
past and future covariates in TFT-based solar forecasting, which 
can lead to improved intra-day solar irradiance forecasts up to 
4-hour ahead when integrated with satellite-derived irradiance 
products.

• Since spatiotemporal inputs are more beneficial for solar fore-
casting, a simple yet effective method is applied to incorporate 
such two-dimensional spatiotemporal satellite- and NWP-based 
information into TFT-based intra-day solar forecasting. The use 
of spatiotemporal information is more likely to yield better solar 
irradiance forecasts than single-location data.

• Interpretability analysis is performed to improve the understand-
ing of solar forecasting models, which can ensure the trans-
parency in decision-making process of data-driven models. Based 
on the interpretability analysis results at several locations, it is 
suggested that solar forecasting models should be developed and 
interpreted considering the local weather characteristics.

The rest of this study is organized as follows: The used data 
of ground-level measurements, satellite-derived irradiance, and NWP 
products are described in Section 2. The TFT-based intra-day solar 
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Fig. 1. The role of solar forecasting in supporting the integration of solar energy.
Table 1
The geography and climate information of the seven SURFRAD stations.
 Abbr. Station Latitude (◦) Longitude (◦) Altitude (m) Climatea Time zone 
 BON Bondville 40.05 −88.37 230 Dfa UTC-6  
 DRA Desert Rock 36.62 −116.02 1007 Bwk UTC-8  
 FPK Fort Peck 48.31 −105.10 634 Bsk UTC-7  
 GWN Goodwin Creek 34.25 −89.87 98 Cfa UTC-6  
 PSU Penn. State Uni. 40.72 −77.93 376 Dfb UTC-5  
 SXF Sioux Falls 43.73 −96.62 473 Dfa UTC-6  
 TBL Table Mountain 40.12 −105.24 1689 Bsk UTC-7  
a Köppen climate abbreviations: Bsk (arid, steppe, cold), Bwk (arid, desert, cold), Cfa (temperate, without dry season, hot summer), Dfa 
(continental, without dry season, hot summer), Dfb (continental, without dry season, warm summer).
forecasting model and the method to incorporate spatiotemporal in-
puts are detailed in Section 3. Section 4 presents verifications of the 
proposed method, related implications, and interpretability analysis. 
Finally, Section 5 concludes this study.

2. Data

2.1. Ground-level measurements

Ground-level data used as the target for training the forecasting 
model and the ground truth for evaluating model performance are 
obtained from the Surface Radiation Budget Network (SURFRAD) [35]. 
SURFRAD consists of seven stations located in diverse climate zones 
in the United States, which capture a wide range of surface and 
atmospheric conditions. Since its establishment in 1993, SURFRAD 
has provided high-quality meteorological measurements for various 
applications related with weather, climate, and energy. Table  1 details 
the geography and climate information of the seven SURFRAD stations.

For solar irradiance, SURFRAD offers measurements of GHI, DNI, 
and DHI at a time resolution of 1 minute, and the solar zenith angle 
(SZA) is calculated based on the solar positioning algorithm [36]. 
All the 1-minute data of GHI, DNI, DHI, and SZA in year 2020 are 
downloaded, and quality control (QC) is performed to filter out data 
points that are unlikely to occur in nature. The widely used QC steps 
include extremely rare limit test and three-component closure test [37], 
which are considered essential steps when using SURFRAD data and 
other radiometric measurements. More technical details on the QC steps 
in pre-processing raw measurements of solar irradiance can be found 
in [37,38]. Due to the large airmass effect and low values of solar 
irradiance at high zenith angles [39], data points with a SZA of 85◦ or 
greater are removed. After QC is performed on the raw SURFRAD data, 
the 1-minute measurements are resampled to the 1-hour resolution and 
indexed in Coordinated Universal Time (UTC) to match the temporal 
resolution of the NWP products [40]. The ‘‘center’’ scheme is used for 
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resampling, as suggested by Yang et al. [40]. For instance, the GHI 
indexed at 14:00 represents the aggregation of 1-minute SURFRAD GHI 
from 13:31 to 14:30. The 1-hour GHI time series are normalized by the 
hourly clear-sky GHI of REST2 [41], and then used as targets in the 
forecasting model.

2.2. Spatiotemporal data

The spatiotemporal data used in this work include satellite-based ir-
radiance estimations and NWP products with a regional size of 11 × 11 
grids, as shown in Table  2. Satellite-derived irradiance includes both 
GHI and DNI, which are obtained from spectral satellite images (de-
tailed in Section 2.2.1). NWP products are from the operational model 
of High-Resolution Rapid Refresh (HRRR) [42], the used variables 
are related with surface solar radiation flux and cloud amount (see 
Section 2.2.2).

2.2.1. Satellite-derived irradiance
Satellite-derived irradiance products have been extensively used in 

solar forecasting with data-driven approaches, as either the sole or a 
part of the inputs [6]. Owing to the advancement in modern remote 
sensing technologies, the spatiotemporal resolution of satellite-derived 
irradiance has been improved significantly. For example, the national 
solar radiation database (NSRDB) [43], as the state-of-the-art satellite-
to-irradiance data, offers more than 20 years of complete satellite-based 
irradiance estimations of GHI, DNI, and DHI for the United States 
in the spatiotemporal resolution of 4-km–30-minute. This has been 
improved to 2-km–5-minute since 2018 due to the increased resolution 
of geostationary operational and environmental satellites [44].

The validation of 5-minute NSRDB data against SURFRAD mea-
surement shows comparatively higher discrepancies due to the refined 
temporal resolution [44]. Therefore, an improved satellite-to-irradiance 
method based on the combination of deep learning and remote sensing 
is developed for both GHI and DNI estimations [45]. The estimated 
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Table 2
A summary of spatiotemporal data used for intra-day solar irradiance forecasting.
 Data Long name Type Resolution

 Temporal Spatial 
 GHIsat [W/m2] Satellite-derived GHI Satellite-based 5-min 2-km  
 DNIsat [W/m2] Satellite-derived DNI Satellite-based 5-min 2-km  
 DSWRF [W/m2] Downward shortwave radiation flux NWP-based 1-h 3-km  
 VBDSF [W/m2] Visible beam downward solar flux NWP-based 1-h 3-km  
 HCDC [%] High cloud cover NWP-based 1-h 3-km  
 MCDC [%] Middle cloud cover NWP-based 1-h 3-km  
 LCDC [%] Low cloud cover NWP-based 1-h 3-km  
 TCDC [%] Total cloud cover NWP-based 1-h 3-km  
GHI and DNI based on deep learning show relatively lower uncertain-
ties compared with those of NSRDB [45]. In a subsequent study [6], 
the deep learning method for satellite-based irradiance estimation is 
expanded to generate spatial GHI estimates, which are then used as 
spatiotemporal inputs for better intra-day solar forecasts [6].

Following the same methodology, the spatiotemporal satellite-
derived GHI and DNI are obtained with two steps [6]: (1) the deep 
learning satellite-to-irradiance model is first developed for the location 
(usually with adequate on-site measurements) centered in the region 
of interest; (2) the spatial irradiance estimations are then obtained by 
using the pre-trained deep learning model with shifted input windows 
in a pixel-wise way. For more details on the acquisition of spatial 
irradiance estimations, the reader is referred to [6]. The obtained 
spatial GHI and DNI estimates are in the form of 5-minute–2-km clear-
sky index (CSI) values with the regional size of 11 × 11 pixels in 
the year 2020, which might have gaps due to the failure or technical 
issue in the communication with satellite sensors. Nevertheless, these 
missing points are filled with data from NSRDB (normalized by the 
clear-sky irradiance of REST2). These CSI values are resampled to the 
time resolution of 1-hour using the ‘‘center’’ scheme (as mentioned in 
Section 2.1) and then used as parts of inputs for intra-day solar fore-
casting. Some sample spatial satellite-derived GHI and DNI estimates 
are presented in Fig.  2. It should be noted that the deep learning models 
for satellite-based GHI and DNI estimations are trained separately, and 
the obtained CSI is not converted to irradiance value at this step.

2.2.2. HRRR forecasts
HRRR is an operational NWP model developed by National Oceanic 

and Atmospheric Administration in the United States [42], which 
started to provide high-resolution weather forecasts in 2014. The 
spatial resolution of HRRR is 3-km, and the forecasts are updated 
hourly. HRRR issues 0–18-hour-ahead forecasts in each forecasting 
cycle, where 𝑡 = 0 indicates the reanalysis for initial conditions. 
Additionally, HRRR extends forecasts to 48-hour ahead in four runs at 
00Z, 06Z, 12Z, and 18Z. In terms of intra-day solar forecasting, only the 
1–16-hour-ahead forecasts released from 00Z and 12Z runs are used.

There are numerous weather variables in HRRR forecasts, of which 
surface radiation flux and cloud covers are most related with solar 
irradiance forecasting applications [27]. The variable corresponds to 
GHI in HRRR is named as ‘‘downward short-wave radiation flux’’ or
DSWRF. DNI is known as ‘‘visible beam downward solar flux’’ or
VBDSF. Both DSWRF and VBDSF are surface variables, while variables 
related with cloud amount are in different layers in the atmosphere. 
Cloud amount in the high, middle, and low cloud layers are named 
as ‘‘high cloud cover (HCDC), ‘‘middle cloud cover (MCDC)’’, and ‘‘low 
cloud cover (LCDC)’’, respectively. The total cloud amount in the entire 
atmosphere is represented by ‘‘total cloud cover’’ or TCDC. Table  2 
presents the summary of the HRRR variables used in this work. To 
be compatible with the spatial size of satellite-derived irradiance data, 
all the mentioned NWP variables in year 2020 are downloaded for the 
11 × 11 locations surrounding the target SURFRAD stations. Due to the 
technical issue and communication failure, there are some data gaps in 
HRRR forecasts, which are filled with linear interpolations. All HRRR 
forecasts are pre-processed before being fed into the forecasting model, 
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specifically, irradiance forecasts are normalized using the hourly REST2 
clear-sky irradiance and cloud amount values are converted from per-
centages into decimals. Some examples of the normalized regional 
radiation flux and cloud amount from HRRR forecasts are shown in 
Fig.  2.

3. Methods

3.1. Vanilla TFT model

TFT is an attention-based deep learning framework for multi-
horizon time series forecasting, which has been extensively applied in 
solar irradiance and power forecasting [8,46]. TFT combines the advan-
tages of feature selection, sequence-to-sequence models, and attention 
mechanism. This enables TFT to integrate diverse inputs, capture long-
term dependencies, and model complex temporal relationships [25]. 
TFT is originally designed to build feature representation for different 
types of inputs (i.e., static, observed, and future known inputs). The 
major components of TFT include static covariate encoders, variable 
selection networks, gating mechanism, temporal processing, and pre-
diction intervals [25]. Since only historical and future-known inputs 
are used for deterministic intra-day solar irradiance forecasting in this 
study, the TFT model is tailored accordingly. In specific, the static 
covariate encoders and prediction intervals are removed. Fig.  3 shows 
the detailed structure of TFT, and the main constitutes are briefly 
explained as follows:

• Gated residual network (GRN): gating mechanism is used to 
control the flow of information, which enables the model to focus 
on the most relevant features by applying non-linear processing. 
This ability on filtering information with ‘‘gates’’ can improve the 
model’s performance on capturing complex patterns, processing 
long-term dependencies, and avoiding irrelevant inputs. The GRN, 
as shown in Fig.  3(b), is based on gating mechanism and residual 
connection, 
GRN(𝑎) = LayerNorm(𝑎 + GLU(𝜂2)), (1)

𝜂2 = 𝑊2𝜂1 + 𝑏2, (2)

𝜂1 = ELU(𝑊1𝑎 + 𝑏1), (3)

GLU(𝜂2) = 𝜎(𝑊3𝜂2 + 𝑏3)⊙ (𝑊4𝜂2 + 𝑏4), (4)

where LayerNorm is the standard layer normalization, 𝑎 is the 
input, GLU is the gated linear unit, 𝜂1 and 𝜂2 are intermediate 
layers, 𝑊𝑖 and 𝑏𝑖 denote the weights and bias. ELU refers to 
the exponential linear unit activation function, 𝜎(.) represents the 
sigmoid activation function, and ⊙ is the element-wise Hadamard 
product.

• Variable selection network: it is to select related input variables 
at each time step. Solar forecasting may involve indigenous and 
plenty of exogenous variables, while their impacts on the output 
are typically unknown. The use of variable selection is to provide 
information on what inputs are most relevant to the forecasting 
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Fig. 2. Sample images of the normalized spatiotemporal data for Bondville (BON) station (40.05◦, −88.37◦) at 2020-04-23 18:00:00 (UTC). BON is at the center 
in the region of 11 × 11 grids. Note that satellite- and NWP-based data have different spatial resolutions but with the same 11 × 11 surrounding grids.
problem, and to remove noisy and redundant features. As shown 
in Fig.  3(c), each variable 𝑥𝑗𝑡  of the transformed inputs at time 𝑡 is 
fed through its own GRN to get 𝑥̃𝑗𝑡  (the processed feature vector 
of variable 𝑗): 

𝑥̃𝑗𝑡 = GRN𝑥(𝑗)(𝑥
𝑗
𝑡 ). (5)

The flattened inputs (
[

(𝑥1𝑡 )
𝑇 ,… , (𝑥𝑚𝑡 )

𝑇
]𝑇
, where 𝑚 is number of 

inputs) at time 𝑡 are then processed by a GRN and a Softmax layer 
to get the variable selection weights 𝑣𝑥𝑡 , which are then combined 
with the processed features 𝑥̃𝑡 from Eq. (5): 

𝑥̃𝑡 =
𝑚
∑

𝑗=1
𝑣𝑗𝑥𝑡 𝑥̃

𝑗
𝑡 , (6)

where 𝑗 indicates the 𝑗th element of vectors 𝑣𝑡 and 𝑥̃𝑡.
• Interpretable multi-head attention: it is a key component in TFT 
to capture long-term dependencies in different time steps and 
to provide explainability (e.g., importance of features and time 
steps). Generally, the attention mechanism includes values 𝑉 , 
keys 𝐾, and queries 𝑄, the 𝑉  values are scaled based on 𝐾 and 
𝑄, which is expressed as follows: 

Attention(𝑄,𝐾, 𝑉 ) = Softmax(𝑄 ⋅𝐾𝑇 ∕
√

𝑑𝑎𝑡𝑡𝑛) ⋅ 𝑉 , (7)

where 𝑑𝑎𝑡𝑡𝑛 is the dimensionality of 𝑄 and 𝐾, and Softmax is the 
function to get attention weights. Then multi-head attention is: 

MultiHead(𝑄,𝐾, 𝑉 ) = [𝐻1,𝐻2,… ,𝐻ℎ] ⋅𝑊 , (8)

where 𝐻𝑖 = Attention(𝑄 ⋅ 𝑊 𝑖
𝑄, 𝐾 ⋅ 𝑊 𝑖

𝐾 , 𝑉 ⋅ 𝑊 𝑖
𝑉 ), ℎ is the number 

of heads, 𝑊 𝑖
𝑄, 𝑊 𝑖

𝐾 , and 𝑊 𝑖
𝑉  are head-specific weights of queries, 

keys and values, 𝑊  is the linear combination of outputs from all 
heads. The interpretable multi-head attention with a shared head 
(𝐻̃) can be represented by: 

IMultiHead(𝑄,𝐾, 𝑉 ) = 𝐻̃ ⋅𝑊 , (9)

𝐻̃ = 1
ℎ

ℎ
∑

𝑖=1
Attention(𝑄 ⋅𝑊 𝑖

𝑄, 𝐾 ⋅𝑊 𝑖
𝐾 , 𝑉 ⋅𝑊𝑉 ), (10)

where 𝑊𝑉  are the weights of 𝑉  shared across all heads. A more 
detailed description of TFT and its major components can be 
found in Lim et al. [25].
6 
3.2. TFT model with spatiotemporal inputs

It has been reported that TFT can produce more skillful solar irra-
diance and power forecasts than other machine/deep learning methods 
(e.g., MLP, LSTM, and XGBoost) [8]. However, these TFT models gener-
ally consider multiple types of time series data at a single location, for 
instance, historical irradiance/power measurements and future clear-
sky irradiance estimations. These single-location based data generally 
do not contain any spatiotemporal information. Since the use of spa-
tiotemporal inputs can generally lead to better solar forecasts than 
the inputs from a single station [5], a simple and effective method is 
used to integrate such spatiotemporal information into TFT based intra-
day solar forecasting. In specific, multiple spatiotemporal satellite- and 
NWP-based data in a region are spatially averaged and then inputted 
to the TFT model for point irradiance forecasts (see Fig.  4). Actually, 
spatial averaging is widely used to improve the modeling performance 
of solar irradiance [47,48]. However, this has not yet been applied in 
TFT based models for solar forecasting. To explore the size effect of 
spatiotemporal inputs on forecasting results, regional spatiotemporal 
data with different sizes (pixels) are used:

• 11 × 11: All data of the 11 × 11 surrounding locations are used 
to calculate the means of satellite-derived irradiance and NWP 
irradiance and cloud amount forecasts.

• 7 × 7: The average values are obtained using data of the surround-
ing 7 × 7 pixels.

• 3 × 3: The means are calculated in the same way of satellite- and 
NWP-based data, while the involved region is of 3 × 3 locations.

Since TFT generally outperforms a variety of machine/deep learning 
models in time series forecasting, and the aim of this study is to 
investigate the benefits from spatiotemporal NWP inputs, the forecasts 
based on the single-pixel inputs (i.e., data of 1 × 1 pixel) are used 
as the benchmark. Note that there is a tradeoff between the spatial 
size of spatiotemporal inputs and the modeling efficiency [49]. The 
benefit of spatial scales becomes marginal when the size exceeding 
a certain threshold while much more efforts in data processing are 
required [49]. Therefore, 11 × 11 grids of surrounding data are adopted 
following several studies on satellite-to-irradiance conversion [45], 
cloud detection [50], and intra-day solar forecasting [6,51].

As shown in Fig.  4, both satellite-derived irradiance and lagged 
NWP products are used as inputs at the encoder side, while NWP 
forecasts are the only inputs at the decoder side. The point irradiance 
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Fig. 3. The structure of (a) temporal fusion transformer (TFT) used for mulit-horizon solar forecasting, where (b) and (c) present the details of the gated residual 
network (GRN) and variable selection network, respectively.  (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.)
Fig. 4. The flowchart of multi-horizon solar forecasting with multiple spa-
tiotemporal inputs.

forecasts of GHI are produced for next 4 hours, and the forecasting 
problem can be formulated as: 

𝐼𝑡0+1, 𝐼𝑡0+2,… , 𝐼𝑡0+4 = F(𝑋𝑡0−𝑘, 𝑋𝑡0−𝑘+1,… , 𝑋𝑡0 , 𝑋̃𝑡0+1,… , 𝑋̃𝑡0+𝑛), (11)

where 𝐼 is the CSI forecast of GHI, F denotes the forecasting model, 
𝑋 and 𝑋̃ represent past and future-known inputs, respectively. 𝑡0
represents the forecast issue time, 𝑘 (equals 6) is the number of used 
past time steps, and 𝑛 is the number of time steps predicted, which is 
4 in this work.

Since 𝑋 and 𝑋̃ have different types of inputs, the parameters in 
their variable selection networks are different (this is why the colors for 
variable selection in Fig.  3 are not the same). As the irradiance forecasts 
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Table 3
Hyperparameters for the transformer based solar forecasting model.
 Hyperparameter Values  
 Optimizer Ranger  
 Loss function MAE  
 Batch size 32  
 Learning rate [1e−5, 1e−2] 
 Gradient clipping range [0.01, 1]  
 Hidden size [16, 64]  
 Hidden continuous size [16, 64]  
 Attention head [2, 6]  
 Dropout [0.3, 0.6]  
 Reduce on plateau patience 5  
 Early stopping patience 10  

of interest are deterministic, the loss function is not quantile but based 
on the mean absolute error (MAE). The used optimizer is Ranger [52], 
and the hyperparameters for the forecasting model are optimized based 
on ranges defined in Table  3. Data from January, February, March, 
July, August, and September are selected for training, while data in 
April and October are for validation, and the rest months are used 
for testing. Note that the TFT model for solar forecasting at different 
stations are trained separately, therefore the hyperparameters might be 
different.

3.3. Evaluation metrics

Although the CSI of GHI is the forecasting target, evaluations of 
error are based on the irradiance [W/m2]. Therefore, CSI forecasts are 
converted back to GHI by multiplying the clear-sky irradiance of REST2 
at the predicted time stamps. A variety of evaluation metrics are used 
to assess the overall forecasting accuracy [53], including root mean 
squared error (RMSE), normalized RMSE (nRMSE), MAE, normalized 
MAE (nMAE) and coefficient of determination (𝑅2), as defined by the 
following equations: 

RMSE =
√

1 ∑

(𝑓 − 𝑜 )2 (12)

𝑁 𝑖 𝑖
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nRMSE =

√

1
𝑁

∑

(𝑓𝑖 − 𝑜𝑖)2

1
𝑁

∑

𝑜𝑖
(13)

MAE = 1
𝑁

∑

|𝑓𝑖 − 𝑜𝑖| (14)

nMAE =
1
𝑁

∑

|𝑓𝑖 − 𝑜𝑖|
1
𝑁

∑

𝑜𝑖
(15)

𝑅2 = 1 −
∑

(𝑓𝑖 − 𝑜𝑖)2
∑

(𝑜𝑖 − 𝑜𝑖)2
, (16)

where 𝑓𝑖 and 𝑜𝑖 are the pair of GHI forecast and ground measurement, 
𝑜𝑖 is the mean of the measurement, 𝑁 is the number of total data points 
compared.

The forecast skill quantifies the relative improvement of a fore-
casting model over the benchmark [3,17]. The forecast skill can be 
calculated based on RMSE [40], defined as follows: 

Forecast skill =
(

1 −
RMSE𝑓
RMSE𝑟

)

× 100% (17)

where RMSE𝑓  is the forecast error of the evaluated model, and RMSE𝑟
is based on the benchmark model, which uses single-location data of 
1 × 1 as inputs (see Section 3.2).

4. Results and discussion

In this section, solar irradiance forecasts based on different sizes 
of spatiotemporal inputs are compared and evaluated. The effect of 
spatiotemporal inputs with different size on the forecasting results and 
the benefit of spatiotemporal inputs are presented and discussed in 
Section 4.1. The forecasting performance under different sky conditions 
are compared in Section 4.2, and the interpretability analysis of the 
forecasting model is performed in Section 4.3. Section 4.4 presents a 
comparative analysis and investigates the effectiveness of using spa-
tiotemporal inputs for irradiance forecasting with other methods.

4.1. The benefit of spatiotemporal inputs

To evaluate the benefit of spatiotemporal information for solar 
irradiance forecasting using TFT, this section presents the forecasting 
results of GHI based on different sizes of used inputs. As shown in 
Fig.  5, with extended time horizons, the forecasts are associated with 
increased nRMSEs. This indicates that forecasts for longer time hori-
zons are typically more difficult to model and therefore have higher 
uncertainties. Compared with GHI forecasts generated by the single-
pixel data (1 × 1), forecasts based on spatiotemporal inputs generally 
have lower nRMSE values, demonstrating the benefit of using a greater 
amount of spatiotemporal information as the input. Meanwhile, the size 
of used spatiotemporal inputs also has an impact on the forecasting 
results. When comparing the forecasts produced using different sizes 
of spatiotemporal inputs, the general trend is that forecasts produced 
using larger spatial sizes of inputs typically show lower nRMSE errors. 
This could be attributed to the increased amount of information from 
the surrounding area. Therefore, even using the simple spatial aver-
aging method, the spatiotemporal information can be used with TFT 
to yield GHI forecasts with lower discrepancies. However, it should 
be noted that the increased amount of spatiotemporal information 
does not necessarily lead to better forecasting results. For example, 
GHI forecasts based on spatially averaged inputs at DRA do not show 
significant improvements than those generated from single-pixel data 
(see Fig.  5(b)), which is possibly due to the highest occurrence of 
clear skies at that location [6]. When the sky is free of clouds, spatial 
averaging actually does not show any differences. Moreover, at BON 
and PSU (see Fig.  5(a) and (e)), the larger size of spatiotemporal inputs 
even results in slightly higher errors in the forecasts. The possible 
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Table 4
The forecast skill [%] over the benchmark for solar irradiance forecasts up to 
4-hour ahead using different sizes of spatiotemporal inputs, at all the SURFRAD 
stations.
 Station Inputs Forecast horizon
 1-hour 2-hour 3-hour 4-hour 
 3 × 3 23.42 16.74 11.78 11.13  
 BON 7 × 7 22.24 14.85 9.31 8.11  
 11 × 11 20.43 15.36 10.84 9.14  
 3 × 3 9.05 3.73 1.53 1.80  
 DRA 7 × 7 8.50 6.78 5.63 6.05  
 11 × 11 10.24 5.76 3.30 3.31  
 3 × 3 12.28 9.67 7.01 3.97  
 FPK 7 × 7 15.31 13.23 11.16 9.60  
 11 × 11 17.61 16.11 14.17 12.24  
 3 × 3 2.82 4.43 4.82 4.70  
 GWN 7 × 7 3.88 5.96 6.04 7.26  
 11 × 11 6.91 8.61 9.58 10.04  
 3 × 3 12.19 10.68 11.06 10.27  
 PSU 7 × 7 14.98 8.24 7.69 6.13  
 11 × 11 12.47 7.94 8.19 7.26  
 3 × 3 5.63 3.53 3.56 3.34  
 SXF 7 × 7 5.09 3.99 4.64 5.54  
 11 × 11 13.54 10.44 9.91 11.19  
 3 × 3 8.51 6.02 3.32 2.33  
 TBL 7 × 7 9.62 5.98 4.03 4.18  
 11 × 11 10.26 7.69 5.74 5.72  

reason could be the drawback of spatial averaging and the inherent 
uncertainty of NWP forecasts (which is discussed in Section 4.2).

The comparison of nMAE for 1–4-hour ahead GHI forecasts at all 
SURFRAD stations is presented in Fig.  6. Although nMAE and nRMSE 
describe different aspects of the GHI forecast, they generally show a 
similar trend. Specifically, forecasts for longer horizons are typically 
associated with higher errors. The use of spatially averaged spatiotem-
poral data can be used to generate better results in most cases, and 
the increased size of surrounding area can further reduce the GHI 
forecast errors. The comparable performance at DRA and out-of-trend 
nMAE variations at BON and PSU can also be observed. However, 
it is necessary to mention that the increased amount of spatiotem-
poral information usually require more efforts in data collection and 
pre-processing, while the improvement in resulted forecasts could be 
marginal. This tradeoff should be considered when choosing the size of 
spatiotemporal data for solar forecasting applications. In other words, 
the cost on data storage and computing should be compared with the 
economic benefit gained from the improved forecasts [54].

To further quantitatively evaluate the advantage of using spatiotem-
poral inputs with TFT in solar forecasting, forecast skills over the 
benchmark (forecasts based on single-pixel (1 × 1) data) are calculated. 
As shown in Table  4, although there are some site-specific variations 
(e.g., at BON and PSU), the use of larger size of spatiotemporal inputs 
can generally produce more skillful forecasts. This indicates that the 
spatiotemporal data at a bigger surrounding region can offer more 
informative inputs for solar forecasting applications with TFT. Mean-
while, it can be observed that forecast skills generally decrease with the 
extended horizons, the reason is that forecasting at longer horizons is 
more challenging. Another cause of this might be the accumulated un-
certainties in NWP forecasts at a relatively longer term (3–4-hour ahead 
in this case), since satellite-derived irradiance only have larger impacts 
on shorter forecast horizons. Therefore, one possible way to further 
improve the skill for longer term forecasts is to use the calibrated NWP 
forecasts.

4.2. Comparison under different sky conditions

Since the seven stations in SURFRAD are located in a variety of 
climate zones, three of them, namely, DRA, PSU, and SXF, are selected 
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Fig. 5. Comparison of nRMSE [%] for 1–4-hour solar irradiance forecasts at seven SURFRAD stations, using different sizes of spatiotemporal inputs. The number 
in the legend indicates the size (width × length) of used spatiotemporal data.
Fig. 6. Comparison of nMAE [%] for 1–4-hour solar irradiance forecasts at seven SURFRAD stations, using different sizes of spatiotemporal inputs. The number 
in the legend indicates the size (width × length) of used spatiotemporal data.
to be representatives of different sky conditions (i.e., DRA for the most 
clear, PSU for the most cloudy, and SXF for partly cloudy skies) [6]. 
The scatter plots of GHI forecast-measurement pairs up to 4-hour ahead 
at the three selected stations are shown in Fig.  7, which visually 
represents the joint distribution. It can be seen that the density of 
GHI forecast-measurement pairs is higher along with the identity line 
than elsewhere. This indicates that the 1–4-hour ahead GHI forecasts 
are correctly time-aligned with measurements at the three selected 
stations under different sky conditions. GHI forecasts are found to 
have larger errors for the most cloudy skies, as evidenced by the more 
sparsely distributed forecast-measurement points and the lower values 
of 𝑅2 at PSU. This means that NWP forecasts also face challenges in 
correctly modeling complex cloud dynamics, and therefore TFT with 
such inputs could not produce GHI forecasts as accurate as those at 
DRA and SXF. The 𝑅2 generally increases with the forecast horizon, 
suggesting that GHI forecasts can capture the pattern of measurements 
more effectively at longer time scales. However, the concurrent in-
crease of nRMSE and nMAE indicates a growing difference between 
predictions and measurements. Nevertheless, the forecasts based on 
spatiotemporal inputs (11 × 11) generally show higher 𝑅2 than those 
generated with single-pixel (1 × 1) data. Therefore, the use of spatially 
averaged spatiotemporal information is more beneficial for the overall 
solar forecasts under different cloudy conditions.
9 
To gain a more detailed understanding of the solar irradiance 
forecasting performance under different cloudy conditions, the GHI 
forecasts are further evaluated in terms of clear, cloudy, and partly 
cloudy periods at the DRA, PSU, and SXF stations. Periods are classified 
based on 1-minute on-site irradiance measurements using the Bright-
Sun clear-sky detection model [55,56]: a clear hour means all 1-minute 
instances are detected as clear in the hour, while a cloudy hour indi-
cates all the 1-minute data are identified as cloudy, and the rest hours 
are labeled as partly cloudy.

The comparisons of 1–4-hour ahead GHI forecasts in clear, cloudy, 
and partly cloudy periods at DRA, PSU, and SXF are presented in Figs. 
8 and 9 for nRMSE and nMAE, respectively. The overall observation 
is that GHI forecasts in cloudy periods generally have higher values 
of nRMSE and nMAE than those in clear and partly cloudy periods, 
while the discrepancies of GHI forecasts in clear periods are compar-
atively lower. As PSU has more frequent cloudy skies, the forecasts in 
cloudy periods are also found to have larger errors than those of DRA 
and SXF, possibly due to the compromised performance of NWP and 
machine learning in modeling cloud dynamics in cloudy conditions. 
This indicates that clouds are the main cause of uncertainties for solar 
irradiance forecasts, and more advanced methods should be developed 
to learn the nonlinear relationship between clouds and solar irradiance. 
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Fig. 7. Scatter plots of GHI forecast-measurement pairs at three selected SURFRAD stations: DRA, PSU, and SXF. The forecasts are based on two different sizes 
of spatiotemporal inputs: 11 × 11 and 1 × 1 (the baseline). The number in each subplot is the coefficient of determination (𝑅2) between the GHI forecast and 
measurement.
When comparing forecasts based on different inputs, the use of a larger 
size of spatiotemporal data can typically yield forecasts with lower 
nRMSE and nMAE in cloudy periods. However, these forecasts tend to 
show slightly higher errors in clear and partly clear periods (e.g., PSU) 
as shown in Figs.  8 and 9. The reason could be that the spatially 
averaged spatiotemporal data cannot reflect the true cloud condition 
at the target location in the center, especially for clear and partly 
cloudy periods. In other words, the clear sky at the location of interest 
could be represented as partly cloudy due to the presence of clouds 
at surrounding pixels, and the true cloud amount in partly cloudy 
periods might be under- or over-quantified by the surrounding cloud 
information. These misrepresentations of cloud amount introduced by 
10 
the spatial averaging can lead to increased uncertainties, therefore 
the use of larger size of spatiotemporal data does not result in better 
forecasts for such conditions. A possible solution could be condition-
based solar forecasting, where the inputs are selected based on different 
sky conditions.

4.3. Interpretability analysis

Machine learning models, particularly complex deep neural net-
works, are usually operated as ‘‘black boxes’’ in various applications. 
Therefore, it is necessary to perform interpretability analysis to en-
sure the decision-making process of such models is transparent and 
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Fig. 8. Comparison of nRMSE [%] for 1–4-hour solar irradiance forecasts at three selected SURFRAD stations (DRA, PSU, and SXF), under clear, cloudy, and 
partly cloudy sky conditions, using different sizes of spatiotemporal inputs.
understandable. This is particularly important in the integration of 
solar energy into power systems. One of the most popular methods in 
interpretability analysis is to calculate the contribution of each feature 
to the forecasts [34]. On this point, the feature importance of solar 
forecasting with TFT is analyzed in the following two aspects: (1) the 
importance based on the variable selection network in the TFT model, 
and (2) the importance obtained from the feature ablation study.

As mentioned in Section 3.2, the variable selection networks for 
past and known-future inputs are not the same and the parameters are 
therefore different (see Fig.  3). This means that the NWP-based data 
used as past inputs (in the encoder) might have different impacts on the 
forecasting results compared with those used as known-future inputs (in 
the decoder). The overall feature importance of variables in the encoder 
and decoder of TFT-based solar forecasting for DRA, PSU, and SXF at 
all forecast horizons are presented in Fig.  10(a) and (b), respectively. 
Overall, it can be seen that satellite-derived GHI (GHI_sat) and total 
cloud amount (TCDC) have larger impacts in the encoder, while visible 
beam downward solar flux (VBDSF) and middle cloud amount (MCDC) 
are more influential in the decoder. However, there are also some 
site-specific variations as DRA, PSU, and SXF have different climate 
conditions. For instance, at DRA, GHI_sat shows the largest significance 
in the encoder, while the second most important feature is DNI_sat 
rather than TCDC (which is a comparatively more significant input in 
the encoder of forecasting models at PSU and SXT). The possible reason 
is that DRA has the most occurrence of clear skies, satellite-derived 
irradiance of DNI_sat (apart from GHI_sat) is therefore a more important 
input than the total cloud amount in the forecasting model. As for 
PSU and SXF with much cloudier sky conditions, the cloud information 
becomes relatively more influential than DNI_sat (which is directly 
blocked by the cloud). When it comes to the decoder part, VBDSF 
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generally shows a higher influence than DSWRF, while impacts of cloud 
covers in different atmospheric layers vary obviously across different 
climate conditions at DRA, PSU, and SXF. This indicates that solar 
forecasting model should be developed and interpreted considering 
local weather characteristics at the station of interest. For the solar 
forecasting model with a higher generalizability, data from locations 
with different climate conditions should be used.

The influence of input features on forecasting results across differ-
ent time horizons is further analyzed using feature ablation [34]. In 
specific, the forecasting model is firstly trained with all input features 
and the forecast error is obtained on the test set; then, each feature is 
removed sequentially and the forecasting model is retrained using the 
remaining features; finally, the forecasting error is calculated and com-
pared. The relative difference between these two errors can be used to 
quantify the importance of the excluded feature. Note that the calcula-
tion of ablation-based feature importance defined above can be tedious 
and time-consuming, particularly with a large amount of features. 
Therefore, features are grouped with similar physical characteristics 
in this work, namely, satellite-derived irradiance, NWP irradiance, and 
NWP cloud amount.

The importance of different groups of features for TFT-based solar 
forecasting at DRA, PSU, and SXF are presented in Table  5. Generally, 
NWP irradiance shows larger influences on overall forecasting results 
across various forecast horizons and under different climate conditions, 
since they are irradiance predictions themselves. Meanwhile, there 
are also some variations for different locations and forecast horizons. 
All features tend to be more important for irradiance forecasts when 
more frequent cloudy sky presents, as the importance of features at 
PSU is typically higher than those of DRA and SXF. The exclusion of 
features in TFT-based solar forecasting at DRA generally does not lead 
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Fig. 9. Comparison of nMAE [%] for 1–4-hour solar irradiance forecasts at three selected SURFRAD stations (DRA, PSU, and SXF), under clear, cloudy, and partly 
cloudy sky conditions, using different sizes of spatiotemporal inputs.

Fig. 10. The importance [%] of used features in the (a) encoder and (b) decoder of TFT based solar forecasting. The description of feature names is available in 
Table  2.

Energy and AI 23 (2026) 100667 

12 



S. Chen et al. Energy and AI 23 (2026) 100667 
Table 5
The feature importance [%] ((nRMSE-n/nRMSEAll−1) × 100%, where n denotes 
removed features) for groups of inputs in the feature ablation study.
 Station Inputs nRMSE (Feature importancea) [%]
 1-hour 2-hour 3-hour 4-hour  
 
DRA

All 9.82 (−) 11.12 (−) 12.02 (−) 13.43 (−)  
 - SDIb 10.57 (7.64) 11.53 (3.69) 12.56 (4.49) 14.16 (5.44)  
 - NWPIc 10.43 (6.21) 11.93 (7.28) 13.32 (10.82) 15.61 (16.23) 
 - NWPCd 9.92 (1.02) 11.16 (0.36) 12.17 (1.25) 13.69 (1.94)  
 
PSU

All 31.31 (−) 33.62 (−) 35.21 (−) 38.55 (−)  
 - SDI 34.43 (9.96) 35.05 (4.25) 36.25 (2.95) 38.87 (0.83)  
 - NWPI 38.22 (22.07) 38.13 (13.41) 38.32 (8.83) 40.99 (6.33)  
 - NWPC 33.30 (6.36) 34.87 (3.72) 36.67 (4.15) 39.72 (3.04)  
 
SXF

All 27.20 (−) 29.04 (−) 31.63 (−) 35.09 (−)  
 - SDI 31.93 (17.39) 32.37 (9.95) 33.75 (6.70) 37.02 (5.50)  
 - NWPI 30.14 (10.81) 32.79 (11.38) 35.77 (13.09) 40.03 (14.08) 
 - NWPC 29.28 (7.65) 31.02 (5.37) 33.34 (5.41) 37.44 (6.70)  
a The importance is calculated by comparing the nRMSE of forecasts produced by all 
features (ALL) and the nRMSE of forecasts based on inputs excluding certain features.
b ‘‘- SDI’’ means that satellite-derived irradiance of GHIsat and DNIsat are removed.
c ‘‘- NWPI’’ denotes that NWP irradiance of DSWRF and VBDSF are not used.
d ‘‘- NWPC’’ excludes NWP cloud cover of HCDC, MCDC, LCDC, and TCDC.

to the high increase of nRMSEs, as DRA has the lowest presence of 
cloudy skies. Another interesting observation is that satellite-derived 
irradiance is likely to have larger impacts than NWP irradiance on 1-
hour ahead forecasts at DRA (7.64% vs. 6.21%) and SXF (17.39% vs. 
10.81%) with less occurrence of cloudy skies, while NWP irradiance 
becomes more influential at PSU with more clouds. This indicates 
satellite-derived irradiance can provide more useful information for the 
forecasting model than NWP models, which become more informative 
for longer forecast horizons. The importance of NWP cloud amount 
also varies with climate conditions and forecast horizons. It can be 
observed that NWP cloud cover shows lowest importance for most clear 
sky conditions at DRA, and for 1–2-hour ahead forecasts at PSU and 
SXF with more cloudy skies. As the forecast horizon extends, NWP 
cloud amount becomes more important than satellite-derived irradi-
ance, since the former is a direct prediction of the future atmospheric 
conditions. This again suggests that solar forecasting models should 
be developed, tested, and interpreted under various climate zones and 
forecast horizons to increase the generalizability.

4.4. The comparative analysis with other methods

Since the use of spatiotemporal inputs generally leads to improved 
solar irradiance forecasting with TFT, it would be beneficial to test the 
effectiveness of spatiotemporal inputs for other methods. This section 
is to present a comparative analysis on irradiance forecasting using 
several other models with different sizes of inputs. Three benchmark 
methods, namely, gated recurrent unit (GRU), TimesNet [57], and 
temporal convolution network (TCN) [58] are used for the comparative 
analysis. As shown in Table  6, at the three locations of DRA, PSU, 
and SXF, TFT generally produces forecasts with lower nRMSEs and 
nMAEs across all forecast horizons compared to the other methods of 
GRU, TimesNet, and TCN, regardless of the input size. In fact, TFT has 
shown a superior performance in time series forecasting to a variety 
of methods [8,25]. It can also be observed in Table  6 that using a 
larger size of input can lead to improved forecasts no matter which 
forecasting method is used. This indicates that the use of spatiotemporal 
inputs, even through the simple spatial averaging, can provide more 
information for improved solar irradiance forecasting with data-driven 
methods.

These improved irradiance forecasts can be used to obtain PV power 
outputs simultaneously, for example, using the physical irradiance-to-
power model chain. This can better support the integration of solar 
energy into the power system. In specific, these 1–4-hour ahead PV 
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power forecasts are necessary for the intra-day unit commitment and 
economic dispatch [5], which can also provide the latest information 
for the day-ahead schedules. In this case, further optimizations of the 
coordination between solar, other renewables, and traditional power 
generation can be achieved [59]. For more information on solar fore-
casting and grid integration, the reader is referred to [15,60]. Although 
the irradiance forecasting models are trained and tested at SURFRAD 
stations, the methodology can be applied at any other locations and 
tailored with site-specific data availability.

5. Conclusion

With the growing penetration of solar energy in power systems, 
accurate solar forecasting has emerged as a cost-effective method to 
mitigate solar variability and facilitate its integration. As one of the 
most widely applied deep learning methods, transformer-based ap-
proaches (i.e., TFT) show great potential in both solar irradiance and 
power output forecasting. However, the inputs for TFT are generally 
multiple one-dimensional time series data, and NWP products are sel-
dom used. To further improve both the performance and transparency 
of TFT for solar forecasting, this work presents a simple yet effec-
tive method to integrate two-dimensional spatiotemporal satellite- and 
NWP-based inputs for more skillful solar irradiance forecasts.

Compared with the single-location data, using spatiotemporal infor-
mation can produce better solar forecasts with TFT, even with a simple 
spatial-averaging method. This is attributed to the increased amount of 
information from the surrounding area, which can be used to track the 
cloud movement. Although the increased spatial size of spatiotemporal 
data can usually lead to better forecasts, more efforts are required 
in data pre-processing while the improvement of forecasting perfor-
mance could be marginal under some climate conditions. This tradeoff 
between the size of spatiotemporal data and their benefits for solar 
forecasting are critical for real-time application and therefore should 
be considered. It should be noted that the increased size of surrounding 
spatiotemporal information could introduce some uncertainties in solar 
forecasting under clear and partly cloudy sky conditions. The reason 
might be that the spatially averaged surrounding information could 
not accurately reflect the true cloud condition at the target location 
in the center under these conditions. Nevertheless, the combined use 
of NWP inputs as both past and future-known covariates with satellite 
data can improve solar forecasting performance with TFT, as evidenced 
by the interpretability analysis. In general, NWP irradiance products 
show a larger impact on the overall forecasts, and satellite-derived 
irradiance tends to have a higher influence on shorter term (1-hour) 
forecasts. Although the interpretability analysis of solar forecasting 
models exhibits some variations under different climate conditions and 
forecast horizons, it serves as an effective tool for developing, testing, 
and interpreting data-driven solar forecasting models at locations with 
different climate features.

Despite the improved forecasting performance and interpretability, 
the proposed method has several limitations: (1) the method to in-
corporate two-dimensional spatiotemporal information is quite simple, 
which may lead to misrepresentations of true cloud conditions, more 
advanced techniques that can efficient extract spatial features should 
be applied; (2) results show that irradiance forecast errors are slightly 
higher under clear and partly cloudy periods, where condition-based 
solar forecasting that takes sky conditions (i.e., clear, partly cloudy, 
and cloudy) into account could be an effective solution; and (3) the 
method is only developed and applied at some specific locations, solar 
forecasting models with enhanced generalizability should be developed 
using data from various climate zones in the future research.
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Table 6
Summary of nRMSE [%] and nMAE [%] for 1–4-hour solar irradiance forecasts with different methods (i.e., gated recurrent unit (GRU), TimesNet, temporal 
convolution network (TCN), and temporal fusion transformer (TFT)) and sizes of inputs.
 Station Method Inputs nRMSE [%] nMAE [%]
 1-hour 2-hour 3-hour 4-hour 1-hour 2-hour 3-hour 4-hour 
 

DRA

GRU 1 × 1 12.95 14.37 14.93 17.84 6.79 8.30 10.34 13.25  
 11 × 11 11.90 13.35 14.95 17.66 6.93 8.18 9.95 13.29  
 TimesNet 1 × 1 12.27 13.03 14.10 17.33 7.41 8.03 9.52 12.61  
 11 × 11 13.67 13.99 14.31 16.61 8.32 8.45 9.51 11.82  
 TCN 1 × 1 14.42 15.80 16.74 19.11 8.13 9.83 11.92 14.23  
 11 × 11 12.90 14.02 15.76 19.08 7.65 8.85 11.03 13.57  
 TFT 1 × 1 10.94 11.80 12.43 13.89 5.78 6.48 6.96 7.58  
 11 × 11 9.82 11.12 12.02 13.43 5.30 6.20 6.66 7.37  
 

PSU

GRU 1 × 1 38.54 44.12 47.17 49.91 26.53 30.69 34.28 35.62  
 11 × 11 35.25 36.52 38.37 43.06 25.27 27.84 28.72 35.07  
 TimesNet 1 × 1 34.80 38.70 42.97 47.38 25.88 28.74 32.39 36.71  
 11 × 11 33.78 40.49 40.86 46.36 24.29 30.03 30.20 35.87  
 TCN 1 × 1 35.38 42.69 45.50 46.55 25.15 29.32 32.43 33.90  
 11 × 11 37.47 38.75 41.25 43.68 26.03 27.61 29.74 33.50  
 TFT 1 × 1 35.77 37.05 38.35 41.57 25.97 26.29 26.56 26.99  
 11 × 11 31.31 33.62 35.21 38.55 22.39 23.88 24.31 25.35  
 

SXF

GRU 1 × 1 33.27 36.78 44.70 47.04 21.78 25.27 28.72 33.82  
 11 × 11 30.22 40.18 41.82 47.77 20.43 26.32 28.55 36.76  
 TimesNet 1 × 1 30.64 37.14 41.76 49.93 20.34 25.44 27.53 37.57  
 11 × 11 27.81 33.36 38.29 47.12 18.93 22.93 24.96 34.96  
 TCN 1 × 1 32.63 37.26 45.10 47.52 20.80 25.25 29.80 34.25  
 11 × 11 29.38 36.94 38.69 48.52 19.94 25.02 27.05 36.08  
 TFT 1 × 1 31.46 32.87 35.11 39.51 20.09 21.64 23.06 24.68  
 11 × 11 27.20 29.44 31.63 35.09 18.36 20.36 22.79 22.42  
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