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Abstract

Solar irradiance forecast aims to accurately estimate future
solar irradiance based on historical data, playing a vital role
in energy production and grid management. While ground-
based station measurements provide local accuracy, geosta-
tionary satellites offer much broader environmental contexts,
such as cloud coverage, which serves as a key factor for accu-
rate forecasting. However, effectively integrating these multi-
modal observations remains a challenge, with existing meth-
ods suffering from inflexibility and high computational costs.
To address this problem, we propose SatSolarCast, a flexible
and efficient multimodal framework that introduces a mem-
ory alignment learning mechanism to integrate geostationary
satellite data and historical irradiance observations. By pre-
serving and recalling long-term spatiotemporal patterns from
a specialized satellite memory bank, SatSolarCast enables ef-
fective guidance for both short- and long-term prediction.
Additionally, SatSolarCast offers plug-and-play compatibil-
ity and can be incorporated into various forecasting archi-
tectures. Extensive experiments across four ground stations
demonstrate that SatSolarCast substantially improves fore-
casting performance compared to prior methods with much
lower computational costs.

Code — https://github.com/Applied-IAS/SatSolarCast

Introduction
Solar energy receives much attention due to its profound
implications for energy security (Johnson et al. 2020; Ca-
puano 2018), economic development (Junedi et al. 2022;
Nguyen et al. 2018), environmental preservation (Hussain
et al. 2023; Sharif et al. 2021), and climate change (Liu et al.
2023b; Khan et al. 2024). However, the amount of solar irra-
diance reaching the Earth’s surface is not only modulated by
diurnal and seasonal cycles but also affected by atmospheric
conditions such as cloud cover. These fluctuations introduce
substantial uncertainty into solar power production, making
accurately forecasting solar irradiance vital for a wide range
of applications, including energy generation and grid man-
agement.

In the past few years, data-driven approaches (Wang,
Wang, and Su 2011; Chen et al. 2015; Alzahrani et al. 2017;
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Figure 1: Illustration of our work. (a) The used multimodal
data include geostationary satellite observations and station
measurements. The red point in cloud images indicates the
location of the ground station within the coverage area of the
geostationary satellite data. (b) Previous fusion methods typ-
ically employ a Vision Transformer to model the spatiotem-
poral patterns of cloud image sequences and utilize its hid-
den states to guide solar irradiance forecast. However, these
approaches are computationally expensive due to the high
complexity brought by the self-attention mechanism. (c) In
contrast, our fusion strategy introduces a satellite memory
bank to preserve satellite spatiotemporal patterns and recall
relevant patterns to guide solar irradiance prediction. This
design significantly reduces computational costs and can be
adapted into various solar irradiance prediction models.

Methods R2 ↑ RMSE ↓ Memory Time Params FLOPs

CrossVIVIT 0.693 161.75 6.77GB 0.035s 144.94M 59.14G
LSTM-att+Sat 0.727 152.00 1.06GB 0.0032s 10.09M 13.58G

Table 1: Comparison of the Vision Transformer base-
line, CrossVIVIT, and one case of our framework, LSTM-
att+Sat, in average performance and costs for 3-hour solar
irradiance forecasting, over four ground stations. The Mem-
ory and Time denote the training GPU memory demand
and inference time for each sample, while the Params and
FLOPs measure the parameter size and computational com-
plexity, respectively.

Kumari and Toshniwal 2021; Zhou et al. 2021; Nie et al.
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2023) have significantly advanced the field of solar irradi-
ance forecast. As demonstrated in Figure 1 (a), the com-
monly used data include cloud images and solar irradiance
data. Based on their usage patterns, the existing approaches
are broadly categorized into three groups. First, utilizing
historical solar irradiance data to predict future irradiance
is a standard paradigm. These approaches (Hochreiter and
Schmidhuber 1997; Luong, Pham, and Manning 2015; Jalali
et al. 2021; Vaswani et al. 2017) model temporal patterns
of irradiance time series using advanced architectures such
as RNNs (Hochreiter and Schmidhuber 1997; Luong, Pham,
and Manning 2015), CNNs (Jalali et al. 2021), and attention-
based models (Vaswani et al. 2017; Zhou et al. 2021). Sec-
ond, since cloud dynamics are a dominant factor affect-
ing solar radiation variability, some studies (Le Guen and
Thome 2020; Nie et al. 2024a; Xia et al. 2024) employ
cloud images to achieve solar irradiance forecast. Specif-
ically, these methods leverage historical cloud image se-
quences captured by sky cameras (Le Guen and Thome
2020; Nie et al. 2024a) or satellite scan imagers (Ahn et al.
2024; Sebastianelli et al. 2024; Xia et al. 2024) to conduct
the ultra-short-term or long-term forecasting. Third, relying
solely on irradiance data or cloud images limits prediction
accuracy due to the lack of complementary context informa-
tion. To address this, recent works (Liu et al. 2023a; Boussif
et al. 2023) explore multimodal fusion strategies that inte-
grate irradiance data with cloud imagery to improve predic-
tion accuracy. However, as depicted in Figure 1 (b), these fu-
sion methods typically employ a Vision Transformer (Doso-
vitskiy et al. 2021) to model the spatiotemporal patterns of
cloud images and use it to guide solar irradiance forecasting,
which leads to high computational complexity and limited
scalability.

To address these limitations, we design an external
memory-based framework that avoids modeling fine-grained
dynamics with heavy spatiotemporal encoders. As shown
in Figure 1 (c), we maintain a learnable satellite memory
bank that preserves long-term satellite spatiotemporal pat-
terns. During inference, short-term satellite observations are
utilized as a query to recall possible satellite patterns for
guiding the irradiance prediction, which enables both com-
putational efficiency and flexibility. Table 1 quantitatively
illustrates the advantages of our framework in both perfor-
mance and efficiency. This design raises two key challenges:
(1) how to employ the satellite memory bank to preserve
spatiotemporal patterns of satellite cloud image sequences,
especially long-term ones; (2) how to leverage learned pat-
terns within the satellite memory bank to guide solar irra-
diance forecast. In addition, efficiently fusing the satellite
patterns and irradiance features remains a non-trivial task.

To overcome the challenges, we propose SatSolarCast,
an efficient and flexible multimodal forecasting framework.
Specifically, to tackle the first and second challenges, Sat-
SolarCast employs a two-phase training strategy, including
a memory phase and a recall phase. In the memory phase,
a spatiotemporal context encoder and a satellite memory
bank are utilized to capture and preserve long-term spa-
tiotemporal patterns from satellite sequences. In the recall
phase, SatSolarcast recalls long-term patterns with short-

term satellite sequences as queries to enhance solar irra-
diance prediction results. The two-phase mechanism en-
ables SatSolarCast to effectively preserve long-term satel-
lite patterns and recall long-term ones to guide forecast-
ing. To further fuse the satellite patterns and irradiance fea-
tures, we introduce a global spatial feature extractor and
a spatiotemporal attention-based fusion method, which re-
fine the fusion of satellite and irradiance data by provid-
ing global satellite context and modeling the dependencies
between the two modalities, respectively. Moreover, SatSo-
larCast features plug-and-play compatibility, allowing it to
be integrated with various solar irradiance prediction mod-
els. Comprehensive experiments across four ground stations
demonstrate that SatSolarCast consistently enhances predic-
tion accuracy across diverse forecasting models, achieving
significant improvements in both 3- and 6-hour forecasting
horizons with minor computational costs.

The main contributions of this work are summarized as
follows:
• We proposed SatSolarCast, a flexible and efficient mul-

timodal framework that introduces memory alignment
learning to incorporate geostationary satellite data for
improving solar irradiance forecast.

• The developed fusion elements and structures in SatSo-
larcast effectively integrate the spatiotemporal modalities
of solar irradiance and satellite cloud data. Additionally,
SatSolarCast offers plug-and-play compatibility and can
be adapted to various solar irradiance prediction models.

• Extensive experiments over four ground stations confirm
its effectiveness in consistently improving accuracy over
different solar irradiance predictors, both for 3- and 6-
hour prediction horizons with minor computational costs.

Related Work
Unimodal Methods
Solar Irradiance Forecast with Irradiance Data. Based
on historical solar irradiance data, the methods focus on
modeling temporal evolution patterns of solar irradiance se-
quences with machine learning techniques. Early work, such
as (Wang, Wang, and Su 2011) introduces a backpropagation
neural network to achieve solar irradiance forecast. To im-
prove the forecast robustness, ensemble learning strategies
such as Random Forest (Breiman 2001) and XGBoost (Chen
et al. 2015) are later incorporated. With the development
of deep learning techniques, advanced neural networks have
gained much attention. For instance, (Alzahrani et al. 2017)
applies LSTM to perform solar irradiance forecast and de-
livers promising results. (Sharda, Singh, and Sharma 2020)
explores self-attention mechanisms for achieving long-term
solar irradiance forecast. In addition, recent time series mod-
els (Xu et al. 2024, 2025) have brought insights for solar
irradiance forecast. Informer (Zhou et al. 2021) proposes a
sparse attention structure to capture long-dependency corre-
lations in sequences. PatchTST (Nie et al. 2023) incorpo-
rates the patch technique from ViT (Dosovitskiy et al. 2021)
and effectively captures local and global temporal patterns.

Solar Irradiance Forecast with Cloud Images. The
pipelines for solar irradiance forecast with cloud images
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generally follow two steps. First, extrapolating future cloud
image frames based on historical observations, with spa-
tiotemporal predictive models (Shi et al. 2015; Lee et al.
2019, 2021; Dai et al. 2023) such as ConvLSTM (Shi et al.
2015) and PredRNN (Wang et al. 2017), as well as more ad-
vanced frameworks like PhyDNet (Guen and Thome 2020)
and MSTCGAN (Dai et al. 2022). Second, transforming the
predicted cloud frames into cloud scores, which are then
used to estimate solar irradiance, as demonstrated in stud-
ies such as (Le Guen and Thome 2020), (Paletta et al. 2022),
(Mercier, Rahman, and Sabet 2023), (Xia et al. 2024), and
(Nie et al. 2024b). From a data source perspective, the ap-
proaches leverage either sky images or satellite cloud im-
ages. The sky images are formed from ground-based cam-
eras, offer high spatiotemporal resolution, and are suitable
for ultra-short (seconds - 30 minutes) solar irradiance fore-
cast. In contrast, satellite cloud images, produced by geo-
stationary satellites using specialized wavebands, provide
much broader spatial coverage and long-term monitoring,
making them ideal for extended solar irradiance forecasts.
Specifically, (Le Guen and Thome 2020) employs PhyD-
Net to predict solar irradiance based on sky images, while
(Nie et al. 2024b) combines VideoGPT (Yan et al. 2021)
and PhyDNet to achieve probabilistic solar irradiance fore-
cast with sky images. (Xia et al. 2024) improves PredRNN to
enhance cloud cover prediction at solar photovoltaic plants.

Despite the advancements, the methods either rely solely
on historical solar irradiance time series or cloud image se-
quences, without incorporating the two types of data. In this
work, we focus on enhancing solar irradiance forecast by in-
tegrating satellite cloud imagery, which is a key distinction
from the aforementioned approaches.

Multimodal Methods
At present, the study about integrating solar irradiance data
with cloud imagery for solar irradiance forecast is still in
the preliminary stage. (Liu et al. 2023a) leverages sky im-
ages to improve ultra-short solar irradiance forecast. In par-
ticular, the approach adopts a dense optical flow and Vi-
sion Transformer (Dosovitskiy et al. 2021) to extract cloud
motions of sky image sequences, to guide irradiance pre-
diction. Then (Boussif et al. 2023) leverages satellite data
to improve long-term solar irradiance forecast. The method
similarly introduces a Vision Transformer to encode spa-
tiotemporal patterns of satellite sequences and utilizes three
other Transformer-based modules to extract temporal pat-
terns and incorporate the two modalities. Though the ap-
proaches bring valuable insights for integrating solar irradi-
ance measurements and cloud images, the high computation
cost and low flexibility are the main concerns. To address
these limitations, this work aims to develop an efficient and
adaptable framework that leverages satellite data to enhance
solar irradiance forecast.

Problem Definition
As for a standard solar irradiance forecast, given the k histor-
ical solar irradiance observations X = {X1, X2, · · ·Xk} ∈
Rk×1, a prediction model P(·) with parameters θ is

expected to produce the t-length irradiance sequence
Ŷ = {X̂k+1, X̂k+2, · · · , X̂k+t} ∈ Rt×1, which should
be as similar to the ground-truth observations Y =
{Xk+1, Xk+2, · · · , Xk+t} ∈ Rt×1 as possible. Formally,
the procedure is defined as follows:

θ∗ = argmin
θ
L(P(X; θ), Y ). (1)

The θ∗ is the optimal parameters of modelP(·), and theL(·)
denotes the loss function to supervise the training procedure
of the prediction model P(·).

In this work, we aim to enhance the accuracy of so-
lar irradiance forecast with geostationary satellite sequence
S = {S1, S2, · · ·Sk} ∈ Rk×c×H×W . The c is the channel
of satellite data at each time step, and H and W represent
the height and width of the satellite image at each time step.
Hence, this task can be redefined as follows:

θ∗ = argmin
θ
L(P(X;S; θ), Y ). (2)

From the perspective of data dimensions, X can be consid-
ered as a sequence of points, while S represents an image se-
quence. Therefore, this task can be viewed as a multi-modal
fusion and prediction problem.

Methodology
Training and Inference Flow of SatSolarCast
Training Flow As shown in Figure 2, the training pro-
cedure of SatSolarCast consists of two phases, the mem-
ory phase and the recall phase. Here, we briefly outline the
workflow shared by the two phases. First, the short-term
satellite sequence Ss = {S1, S2, · · ·Sk} ∈ Rk×c×H×W is
fed into a global spatial feature extractor GST (·) to obtain
global spatial features Fspatial ∈ Rk×c. Second, Fspatial is
concatenated with the historical solar irradiance sequence
X = {X1, X2, · · ·Xk} ∈ Rk×1, then passed into the so-
lar irradiance predictor P(·), to produce the hidden states
H ∈ Rk×d, where d denotes the embedding size of hidden
states at each time step. Third, the encoded hidden states
H ∈ Rk×d and long-term satellite patterns M l (in the mem-
ory phase) or short-term ones Ms (in the recall phase) are
fused through a spatiotemporal attention fusion mechanism
STatt(·) to produce the predicted solar irradiance sequence
Ŷ = {X̂k+1, Xk+2, · · · , X̂k+t} ∈ Rt×1. The procedure of
the two phases is formally defined as follows:

Memory Phase: Preserve patterns of long-term satellite
sequence M l with a learnable satellite memory bank:

Sl = {S1, · · · , Sk+1, · · · , Sk+t} ∈ R(k+t)×c×H×W , (3)

M l =M(STCE(Sl);Update(ϵ)), (4)

Ŷ = STatt(P(GST (Ss)⊕X; θ),M l). (5)

Recall Phase: The short-term satellite sequence Ss serves
as a query to recall possible patterns Ms from the frozen
satellite memory bank:

Ms =M(STCM(Ss); Frozen(ϵ)), (6)

Ŷ = STatt(P(GST (Ss)⊕X; θ),Ms). (7)
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Figure 2: The overall layout of SatSolarCast. Its training process consists of two phases: the memory phase (red box) and the
recall phase (blue box). In the memory phase, SatSolarCast focuses on preserving patterns within long-term satellite sequences,
while in the recall phase, it recalls relevant satellite patterns to guide solar irradiance forecast with the short-term satellite
sequences as queries. Notably, parameters of the satellite memory bank are updated in the memory phase while frozen during
the recall phase. During the test procedure, SatSolarCast only conducts the second phase, to produce solar irradiance predictions.

The symbol ⊕ denotes concatenation, M(·) represents
the satellite memory bank, and ϵ denotes its parameters.
Update(·) and Frozen(·) are parameter updated and frozen
operations, respectively. STCE(·) and STCM(·) are the
spatiotemporal context encoder and matcher, respectively.

Inference Flow During the test procedure, SatSolarCast
merely conducts the recall phase to make predictions. Next,
we introduce key modules of SatSolarCast in detail.

Model Design and Components
Global Spatial Feature Extractor This module first uti-
lizes 2D convolution layers to aggregate spatial features of
the short-term satellite sequence Ss. Then, it employs a 2D
adaptive pooling layer and a fully-connected layer to cap-
ture global features Fspatial. The computation processes are
as follows:
Fspatial = FC[AdaPool(Conv(ReLU[Conv(Ss)]))]. (8)

The FC[·], AdaPool(·), Conv(·), and ReLu[·] denote the
fully-connected layer, adaptive pooling layer, convolution
layer, and ReLU activation function, respectively.

Solar Irradiance Predictor The predictor accounts for
modeling temporal evolution patterns from combined fea-
tures (Fspatial⊕X) and transfers them into the hidden states
H ∈ Rt×d in an autoregressive manner, for producing the
predicted solar irradiance sequence. The d is hidden states’
size. In fact, the module can be replaced with any time se-
ries prediction model, such as GRU, LSTM, Transformer, or
other more advanced models.

SpatioTemporal Context Encoder & Matcher The en-
coder is responsible for modeling the spatiotemporal pat-
terns of satellite sequences. First, we use six 2D convolu-
tional layers to downsample spatial features. Next, we de-
sign a simple yet effective temporal network, utilizing de-
composed 3D convolutional layers, to capture temporal dy-
namics. Specifically, two 3D convolutional layers with a ker-
nel size of (3, 1, 1) to extract temporal features, followed by
another 3D convolutional layer with a kernel size of (1, 3,
3) to aggregate the features. Finally, we apply 3D adaptive
pooling to reduce the temporal dimension to 1. In this man-
ner, we can efficiently obtain the spatiotemporal patterns
T l ∈ Re×m×n of long-term satellite sequences, which is
calculated as follows:

T l = 3DAdaPool(TemporalNet(SpatialEnc(Sl)). (9)

3DAdaPool(·) denotes the 3D adaptive pooling layer.
SpatialEnc(·) represents the encoder for downsampling the
satellite sequences, consisting of the six cascaded convolu-
tional layers. TemporalNet(·) is the lightweight temporal
network. In addition, the spatiotemporal context matcher ac-
counts for extracting spatiotemporal patterns T s ∈ Re×m×n

from short-term satellite sequence Ss, during the recall
phase. It shares the same structure as the spatiotemporal con-
text encoder.

Satellite Memory Bank The satellite memory bank is de-
signed to memorize the extracted satellite spatiotemporal
patterns. From the perspective of data formation, it is a ma-
trix M with the shape of N × e, which can be considered
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as a set of N vectors with an embedding size of e. Each slot
can memorize a kind of pattern. In this work, input satellite
patterns T l or T s are first used to compute similarity scores
with each slot in the satellite memory bank. Then, memo-
rized satellite patterns M l or Ms are obtained by computing
a weighted sum of memory slots based on these similarity
scores. Specifically, the computation process of the satellite
memory bank is

scorei =
exp(cos(z,Mi))∑N−1

j=0 (exp(cos(z,Mj)))
, (10)

out =
∑N−1

i=1
(scorei ×Mi). (11)

cos(·) represents the cosine similarity score. z ∈ Rd de-
notes the partitioned tensor of input patterns, and out is cor-
responding output results from the satellite memory bank.

SpatioTemporal Attention-Based Fusion Through pre-
vious modules, we obtain hidden states H ∈ Rt×d and
satellite patterns M l ∈ Re×m×n or Ms ∈ Re×m×n from
the satellite memory bank. To effectively model the correla-
tion between the solar irradiance data and satellite patterns,
we design a spatiotemporal attention-based fusion approach.
First, to match the channel size, we employ two deconvolu-
tion layers to project the satellite patterns M l and Ms into
M̂ l ∈ Rd×h×w and M̂s ∈ Rd×h×w, respectively. Second,
the attention scores are computed using the hidden states H
and projected satellite patterns M̂ l or M̂s. These scores are
then applied to the hidden states to obtain enhanced features
Henhanced. Third, the enhanced features are concatenated
with the hidden states and passed through a point-wise con-
volution layer to generate final fused features Hfinal. The
computation process is

Q = H ∗WQ;Q ∈ Rt×d, (12)

K = (M̂ l or M̂s) ∗WK ;K ∈ Rd×h×w, (13)

Kflat = reshape(K);Kflat ∈ Rd×(h×w), (14)

V = KT
flat;V ∈ R(h×w)×d, (15)

ATT = Q ∗Kflat;ATT ∈ Rt×(h×w), (16)

ATTi =
exp(ATTi)∑h×w−1

j=0 exp(ATTj)
, (17)

Henhanced = ATT ∗ V ;Henhanced ∈ Rt×d, (18)

Hfinal = Conv1×1(Henhanced ⊕H);Hfinal ∈ Rt×d. (19)
The Q, K, and V denote the query, key, and value of the de-
signed attention mechanism, respectively. WQ ∈ Rd×d and
WK ∈ Rd×d are the projection matrices. ATT is the com-
puted attention score. reshape(·) represents the dimension
reshape operation, and Kflat is the corresponding flatten ten-
sor. Conv1×1(·) is a convolution layer with a kernel size of
1× 1. Finally, Hfinal is decoded into the predicted sequence
Ŷ with a fully-connected layer.

We utilize the mean squared error (MSE) loss to train
SatSolarCast. Its training procedure is summarized in Algo-
rithm 1. Notably, in the test procedure, SatSolarCast merely
conducts the second phase, i.e., lines 9-11.

Algorithm 1: Training Procedure of SatSolarCast
Input: historical irradiance X = {X1, ..., Xk};

ground-truth Y = {Xk+1, ..., Xk+t}; satellite
observations S = {S1, ..., Sk+t}

Output: predicted irradiance Ŷ = {X̂k+1, ..., X̂k+t}
1 initialize parameters Θ; learning rate lr; modules

GST (·), P(·), STCE(·), STCM(·),M(·),
STatt(·)

2 foreach batch do
3 Memory Phase:
4 Ss = {S1, ..., Sk}; Sl = {S1, ..., Sk+t};
5 M l =M(STCE(Sl));
6 Ŷ = STatt(P(GST (Ss)⊕X),M l);
7 update parameters Θ← Θ− lr · ∇Θ∥Y − Ŷ ∥22
8 Recall Phase:
9 freeze parameters ϵ ofM(·);

10 recalled patterns Ms =M(STCM(Ss));
11 Ŷ = STatt(P(GST (Ss)⊕X),Ms);
12 update parameters Θ← Θ− lr · ∇Θ∥Y − Ŷ ∥22
13 end

Experiments
Experimental Setup
Datasets. In this work, we utilize solar irradiance sequence
data collected from multiple ground stations located in vari-
ous countries such as the United States, Japan, and Australia
to build and validate our approach. Complementary geosta-
tionary satellite observations from GOES-16 or Himawari-8
cover each station, including specialized spectral channels
with wavelengths of 0.47 µm (visible), 0.86 µm (visible),
13.3 µm (infrared), as well as the solar zenith angle matrix.
These data can be accessed through an open-source bench-
mark SolarCube (Li et al. 2024). To evaluate the forecast-
ing ability under short- and long-term conditions, we ex-
tract 6-hour and 12-hour sequences, respectively. For the
former, we use historical 3-hour observations (12 frames)
to predict the next 3-hour sequence. For the latter, the goal
is to predict the next 6-hour solar irradiance sequence (24
frames) using previous 6-hour observations. Our data di-
vision mainly follows the setting in (Li et al. 2024), one
difference is that the station Cocos (COC) is removed due
to insufficient observations to extract 12-hour sequences.
In particular, we utilize the 14 stations, such as Chicago
(born), Denver (fpk), Los Angeles (dra), Chicago (sxf), · · · ,
Tokyo (TAT), as training and validation data, while 4 sta-
tions, New York (psu), Denver (tbl), New York (LRC), and
Tokyo (SAP) are used for testing.

Evaluation Metrics. We adopt two commonly used met-
rics in the solar irradiance forecasting domain, coefficient of
determination (R2) (Li et al. 2024) and root mean square er-
ror (RMSE) (Li et al. 2024), to evaluate the performance of
the forecast models. The R2 score quantifies the correlation
between the predicted solar irradiance and ground truth. The
RMSE measures the error between the prediction results and
ground truth. Overall, a higher R2 score and a lower value
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Forecast Model
3-hour Forecasting 6-hour Forecasting

psu tbl LRC SAP psu tbl LRC SAP

R2 ↑ RMSE ↓ R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE

Persistence 0.454 231.87 0.378 262.67 0.455 233.41 0.463 214.36 0.114 439.83 0.163 386.82 0.138 460.70 0.339 308.33

CrossVIVIT 0.690 157.50 0.658 179.39 0.722 153.06 0.666 156.26 0.607 187.97 0.537 220.76 0.661 178.29 0.561 196.22

LSTM 0.600 180.73 0.599 191.78 0.660 169.50 0.585 175.57 0.587 225.74 0.568 218.04 0.747 205.64 0.577 190.89
LSTM+Sat 0.729 147.17 0.674 172.88 0.756 144.26 0.715 143.39 0.661 192.79 0.611 201.07 0.796 190.04 0.645 183.11
Improvement (%) 21.50 18.57 12.52 9.86 14.55 14.89 22.22 18.33 12.61 14.60 7.57 7.78 6.56 7.59 11.79 4.08

LSTM-att 0.602 178.99 0.608 189.13 0.661 169.24 0.585 173.99 0.593 219.05 0.584 214.24 0.753 191.72 0.585 189.72
LSTM-att+Sat 0.735 145.64 0.680 170.16 0.752 147.59 0.712 144.00 0.665 182.81 0.611 205.20 0.797 180.50 0.646 179.04
Improvement (%) 22.09 18.63 11.84 10.03 13.77 12.79 21.71 17.24 12.14 16.54 4.62 4.22 5.84 5.85 10.43 5.63

Transformer 0.603 179.08 0.602 190.69 0.659 169.77 0.587 173.74 0.534 227.30 0.543 226.70 0.673 203.97 0.594 185.31
Transformer+Sat 0.716 153.01 0.671 176.30 0.728 151.46 0.684 157.34 0.630 197.23 0.583 208.78 0.711 193.16 0.657 181.07
Improvement (%) 18.74 14.56 11.46 7.55 10.47 10.79 16.52 9.44 17.98 13.23 7.37 7.90 5.65 5.30 10.61 2.29

PatchTST 0.548 191.57 0.533 206.64 0.604 182.59 0.539 183.46 0.496 244.15 0.509 229.33 0.681 222.16 0.504 210.46
PatchTST+Sat 0.714 151.97 0.657 176.73 0.733 150.41 0.690 150.17 0.607 200.81 0.572 216.05 0.693 185.32 0.611 195.28
Improvement (%) 30.29 20.67 23.26 14.47 21.36 17.62 28.01 18.15 22.38 17.75 12.38 5.79 1.76 16.58 21.23 7.21

Mamba 0.597 181.99 0.598 192.91 0.655 170.71 0.581 177.31 0.589 222.70 0.584 210.25 0.754 193.15 0.586 189.96
Mamba+Sat 0.736 145.42 0.677 172.83 0.751 145.07 0.695 149.33 0.647 183.77 0.601 205.08 0.784 173.29 0.623 185.61
Improvement (%) 23.28 20.09 13.21 10.41 14.66 15.02 19.62 15.78 9.85 17.48 2.91 2.46 3.98 10.28 6.31 2.29

Table 2: Quantitative results for 3- and 6-hour solar irradiance forecasting over four ground stations. LSTM+Sat is the abbrevi-
ation for the combination of LSTM and SatSolarCast. The bold highlights the improvements by SatSolarCast.

of RMSE indicate better performance.
Baseline Methods. We employ five typical single-modal

forecasting approaches, Persistence (Trebing, Stanczyk, and
Mehrkanoon 2021), LSTM (Hochreiter and Schmidhuber
1997), LSTM-att (Luong, Pham, and Manning 2015), Trans-
former (Vaswani et al. 2017), PatchTST (Nie et al. 2023),
and Mamba (Gu and Dao 2024), and a recent multimodal
method CrossVIVIT (Boussif et al. 2023) as baselines.

Implementation Details. For the global spatial feature
extractor, the output channel sizes of the two convolution
layers are 64 and 128, respectively. The embedding size c of
the global features is 4. In the spatiotemporal context en-
coder and spatiotemporal context matcher, the spatial en-
coder contains six 2D convolution layers, with the output
channel sizes of 64, 64, 128, 128, 256, and 512, respectively.
In addition, the output channel sizes of the three 3D convo-
lution layers are 256, 256, and 512, respectively. The satel-
lite memory bank consists of 128 slots, each with a size of
512. In the spatiotemporal attention-based fusion method,
the output channel sizes of the two deconvolution layers are
256 and 128, respectively. Although the solar irradiance pre-
dictor can be any arbitrary time series prediction model, its
depth is set to 4, and the hidden state size is set to 128 for a
fair comparison. We train SatSolarCast using the Adam op-
timizer with a learning rate of 2 × 10−4. The experiments
are conducted on a server with a CPU of Intel(R) Xeon(R)
Platinum 8370C CPU @ 2.80GHz and a RTX A800 GPU.

Overall Comparison
By analyzing Table 2, we have the following findings.
First, SatSolarCast substantially improves forecasting accu-

racy overall for all unimodal baselines across four stations.
Specifically, in the 3-hour overall evaluation of the four sta-
tions, the most significant improvement is achieved on the
baseline PatchTST model, with a 24.04% increase in the
R2 score and a 17.57% reduction in RMSE. In the 6-hour
overall evaluation, the highest improvement in the R2 score,
21.92%, and in the RMSE score, 12.07%, is again achieved
on PatchTST. Second, compared with the multimodal base-
line CrossVIVIT, the combinations of SatSolarCast and the
four unimodal baselines, especially the LSTM-att+Sat, sig-
nificantly outperform CrossVIVIT at almost all validation
settings. Moreover, at Table 1, we have demonstrated the
notable superiority of our method in terms of computational
costs. The observations consistently suggest flexibility, ef-
fectiveness, and efficiency of SatSolarCast.

To investigate forecast ability of SatSolarCast w.r.t the
lead time, we present the MSE curves of the best case
LSTM-att+Sat in Figure 3. First, SatSolarCast significantly
improves the 3-hour forecast accuracy across all the base-
lines, and the advantages become more obvious as the lead
time goes by. Second, SatSolarCast also substantially im-
proves the 6-hour forecast. An interesting observation is that
the MSE scores decrease during certain periods, likely due
to the absence of sunlight. Additionally, around the 6th hour,
a slight performance degradation is observed. This is reason-
able, as without sunlight, the satellite patterns offer limited
guidance for solar irradiance prediction.

To intuitively compare improvements provided by SatSo-
larCast, Figure 4 shows the visualization results of 3- and
6-hour solar irradiance forecasts, respectively. Notably, the
X-axis is the ground truth while the Y-axis represents pre-
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Figure 3: Comparison of MSE curves across four ground
stations for both 3- and 6-hour solar irradiance forecasts.

Figure 4: The comparison of corresponding visualization.

dicted values. The deeper color denotes the higher density of
sample points for solar irradiance. We see that the SatSolar-
Cast effectively improves the prediction accuracy, especially
for the low irradiance (around 200 W/m2) forecast. All the
observations again demonstrate the superiority of SatSolar-
Cast.

Ablation Studies
To verify the effectiveness of key components and structures
in the proposed SatSolarCast, we conduct ablation studies by
answering the following four questions.

(1) Does the memory alignment learning algorithm
work for SatSolarCast? The core idea of SatSolarCast is to
align short-term satellite spatiotemporal patterns with long-
term ones. To achieve this goal, we adopt the two-phase
procedure to train SatSolarCast. To verify the effectiveness
of the training strategy, we remove the recall phase in the
training procedure, resulting in a variant without the recall
mechanism (w/o recall). As shown in Table 3, excluding the
recall phase leads to a significant decline in performance
across various solar irradiance prediction models. Specifi-
cally, without the recall phase, LSTM experiences a 9.68%
decrease in the R2 score and a 17.18% increase in the RMSE
score. The other three models show similar performance
degradation. The observations indicate the effectiveness of
the memory alignment learning mechanism.

(2) Are the global spatial features & spatiotemporal
attention-based fusion approach important for solar ir-
radiance forecast? First, to validate the necessity of global
spatial features, we remove the global spatial feature extrac-
tor (GSFE) and obtain a new variant (w/o GSFE). As a re-
sult, we observe that the absence of global spatial features
leads to a performance decline. Second, to verify the ef-
fectiveness of the fusion method, we replace the spatiotem-
poral attention-based fusion approach with a simple fusion
method and deliver a new variant (w/o STABF). In the vari-
ant, the spatiotemporal patterns recalled from the satellite
memory bank are first fed into a 2D adaptive pooling layer
and then are added to hidden states produced by the solar

Variants
LSTM
+Sat

LSTM-att
+Sat

Transformer
+Sat

PatchTST
+Sat

R2 RMSE R2 RMSE R2 RMSE R2 RMSE

w/o recall 0.656 178.21 0.660 172.56 0.648 178.43 0.690 167.29
w/o GSFE 0.702 160.56 0.705 158.28 0.681 174.12 0.645 176.49
w/o STABF 0.723 153.97 0.726 153.12 0.705 159.74 0.703 159.66
w/ all 0.726 152.18 0.727 152.00 0.707 159.79 0.707 157.52

Table 3: The ablation results for 3-hour forecasting.
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Figure 5: The RMSE curves w.r.t the slot numbers.

Costs (6-hour) Parameters Increment FLOPs Increment

8.96M 26.98G

Table 4: The additional costs produced by SatSolarCast.

irradiance predictor. In fact, the simple fusion method is a
special case of our spatiotemporal attention-based fusion ap-
proach, where attention scores are equal across the space-
time dimensions. Similarly, without the fusion method, con-
sistent performance decline is again observed. The compar-
ison results highlight usefulness of the two structures.

(3) How does the satellite memory bank size affect the
forecasting performance? Here, we employ the simplest
combination, namely, LSTM and SatSolarCast, to conduct
experiments. As shown in Figure 5, we observe that an ap-
propriate slot number is important for forecasting accuracy.
Notably, the slot number of 128 achieves a good balance for
both 3- and 6-hour forecasting.

(4) What are the additional costs produced by SatSo-
larCast? As shown in Table 4, SatSolarCast merely takes an
additional 8.96M parameters and 26.98G FLOPs cost for 6-
hour forecasting. Considering performance benefits brought
by SatSolarCast, this quantitative analysis highlights SatSo-
larCast’s efficiency in improving solar irradiance forecast.

Conclusion
In this work, we propose a flexible and efficient multimodal
solar irradiance forecasting framework SatSolarCast, which
can significantly improve prediction accuracy across various
model architectures, through memory-alignment learning to
incorporate satellite imagery and irradiance data. Compre-
hensive experiments and analysis demonstrate the superior-
ity of SatSolarcast and the effectiveness of its elements.
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