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ABSTRACT 

As renewable energy penetration continues to increase, accurate ultra-short-term 
solar irradiance forecasting is essential for improving energy utilization and supporting 
power system operation. However, irradiance variations are jointly influenced by 
historical trends and rapid cloud changes, making traditional single-modal methods 
insufficient for capturing complex dynamics under varying weather conditions. This 
paper proposes a multimodal solar irradiance forecasting framework based on the 
collaborative representation of sky cloud images and numerical sequences. The 
framework introduces a heterogeneous modal state encoding mechanism and a state-
aware adaptive selective attention fusion mechanism to enhance interactions between 
visual weather information and historical physical patterns. Specifically, the numerical 
modality captures irradiance trends and temporal correlations through dependency 
modeling, while the image modality extracts cloud structures and evolution features 
through spatiotemporal representation. The proposed fusion mechanism dynamically 
adjusts modality contributions according to forecasting conditions, enabling effective 
integration of complementary information. Experimental results demonstrate that the 
proposed framework outperforms benchmark models in forecasting accuracy and 
robustness, validating the effectiveness of combining visual cloud information with 
numerical evolution patterns for ultra-short-term solar irradiance forecasting. 
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1. INTRODUCTION 

With the ongoing advancement of the “dual carbon” goals and the accelerated 
development of a new power system, the share of solar photovoltaic (PV) power in the 
energy mix continues to rise. Compared with traditional controllable power sources, solar 
irradiance exhibits significant fluctuations and uncertainty; its variations are influenced 
not only by regular factors such as diurnal cycles and seasonal changes but also by random 
factors such as sudden changes in local weather [1]. Particularly in ultra-short-term 
forecasting scenarios, the rapid formation or dissipation of clouds over observation 
stations or solar power plants can cause sharp increases or decreases in solar irradiance, 
which in turn affect estimates of solar power output and pose challenges to renewable 
energy integration and the safe and stable operation of the power system [2]. Therefore, 
developing an ultra-short-term solar irradiance prediction model capable of accurately 
detecting cloud-induced fluctuations and rapidly responding to changes in irradiance 
holds significant theoretical and engineering value. In recent years, with the rapid 
penetration of wind and solar energy into energy systems, research on renewable energy 
forecasting based on time-series feature engineering, ensemble learning, and artificial 
intelligence methods has continued to advance, further driving the development and 
optimization of photovoltaic forecasting models under complex conditions [3, 4]. 

Most existing methods for predicting solar irradiance rely on structured numerical 
data, such as historical irradiance records or numerical weather forecasts, and use these 
continuous numerical variables to build predictive models. Given that solar irradiance 
time series are inherently highly stochastic and exhibit distinct seasonal and weather-
related fluctuations, researchers have conducted extensive studies using various 
approaches, including statistical methods, machine learning, and deep learning [5, 6]. 
Bacher et al. [7] proposed an online short-term solar power forecasting method that 
combines numerical weather prediction with recursive least squares to forecast the short-
term solar power output of a rooftop photovoltaic system in Denmark. Pedro and 
Coimbra[8] systematically compared various solar power forecasting techniques without 
exogenous variables, demonstrating that forecasts based solely on historical solar 
irradiance or power time series can achieve a certain level of accuracy under relatively 
stable weather conditions. Sharadga et al. [9] further compared the performance of 
statistical and artificial intelligence models in solar power forecasting, validating the 
feasibility of modeling based on historical time series. Although these methods can 
effectively capture the continuous patterns of solar irradiance, historical irradiance values 
primarily reflect past solar radiation conditions and thus fail to fully characterize leading 
indicators such as sudden local weather changes and future irradiance variations. 
Consequently, under complex weather conditions, these methods are prone to prediction 
lags or amplified errors [10]. 

To address the limitations of relying solely on historical irradiance data, subsequent 
studies incorporated exogenous meteorological variables and numerical weather forecast 
information to characterize the dynamic behavior of solar irradiance under varying 
climatic conditions. For example, Mellit et al. [11] compared deep learning networks, 



including LSTM, GRU, and one-dimensional CNNs, for short-term solar irradiance 
forecasting; du Plessis et al. [12] investigated the ability of deep learning models to 
capture operational behavior in utility-scale photovoltaic systems; and Transformer-based 
architectures and attention mechanisms have been introduced to enhance the 
representation of weather categories and multiscale features [13]. By expanding input 
variables, these methods provide models with additional weather-related information, 
improving prediction accuracy under different seasons and weather conditions. However, 
historical irradiance time series still struggle to provide timely information on cloud 
shading due to the rapid evolution of cloud cover. Moreover, meteorological observations 
and numerical weather forecasts are limited by spatial resolution and update frequency, 
making it difficult to accurately characterize local cloud evolution [14, 15]. Therefore, 
numerical models alone remain insufficient for ultra-short-term forecasting under local 
occlusion and sudden weather variations. With the development of multimodal deep 
learning, image information has been further incorporated to improve spatial perception 
of cloud fields [16, 17]. 

To overcome the spatial perception limitations of numerical models, researchers 
have introduced satellite imagery to characterize cloud field distributions [18-20]. Deep 
learning methods, including convolutional neural networks, residual networks, and 
attention mechanisms, enable satellite images to extract cloud spatial distributions and 
evolution patterns. Combined with irradiance or meteorological variables, these features 
improve the ability of forecasting models to capture cloud-induced irradiance changes 
[21]. Si et al. [22] integrated cloud motion prediction with an XGBoost model considering 
solar position, while Xie et al. [23] utilized satellite image texture features and transfer 
learning for regional solar radiation forecasting. Compared with numerical models, 
satellite imagery provides more intuitive cloud information; however, its large coverage 
area and limited update frequency restrict its application in minute-level ultra-short-term 
forecasting of local cloud variations [19, 24]. In contrast, ground-based sky images 
provide higher spatiotemporal resolution and can directly capture local cloud cover and 
solar occlusion, making them suitable for minute-to-hour-scale cloud dynamics analysis 
[25]. Kamadinata et al. [26] used sky images and artificial neural networks for solar 
irradiance prediction, while Feng et al. [27] proposed a CNN-based model using sky 
image sequences for minute-to-hourly solar energy forecasting. These studies 
demonstrate that sky images provide valuable visual weather information, particularly 
under complex conditions such as overcast skies and rapidly moving clouds [28]. 

However, existing studies based on satellite imagery or sky images still mainly rely 
on a single image modality for solar irradiance forecasting. Although images provide rich 
visual information on weather conditions, they cannot directly reflect historical irradiance 
variations. Meanwhile, image quality and insufficient information in individual frames 
may affect feature stability, causing models to overlook temporal evolution patterns, 
especially under complex weather conditions. Paletta et al. [29] showed that although 
spatiotemporal image features improve short-term forecasting performance, some models 
remain limited in detecting abrupt events, such as cloud-induced solar occlusion, in 
advance. Therefore, image-based and numerical time-series approaches exhibit natural 
complementarity in solar irradiance forecasting: images provide external visual 



information on cloud evolution and occlusion events, whereas numerical sequences 
provide historical irradiance trends and temporal constraints. Their fusion can improve 
the characterization of irradiance variations under complex weather conditions [30]. 

Regarding the fusion of image and numerical modalities, existing methods can 
generally be classified into output-level fusion, feature-level fusion, and deep learning-
based joint fusion [31]. Some studies separately construct models using image and 
numerical information and then combine predictions through weighted averaging or 
ensemble learning. However, such post-fusion strategies only integrate model outputs and 
fail to exploit cross-modal interactions during feature learning, limiting their ability to 
capture correlations between cloud variations and irradiance responses [32]. Another 
approach extracts image features, such as weather categories, and incorporates them as 
external inputs into forecasting models. For example, Xie et al. [31] performed short-term 
solar irradiance forecasting by extracting features from sky images and combining them 
with an SSA-BiLSTM; Ajith and Martínez-Ramón [25] fused infrared cloud images with 
irradiance data for microscale solar radiation prediction. Although these methods improve 
the utilization of visual information, compressing images into limited features may result 
in the loss of cloud spatial structures and motion characteristics. Furthermore, many 
multimodal methods remain based on feature concatenation or shallow fusion, 
insufficiently exploiting complementary information, redundancy, and dynamic 
relationships among modalities [33] . Therefore, developing effective deep multimodal 
fusion mechanisms that fully exploit the complementary characteristics of image and 
numerical modalities remains essential for improving ultra-short-term solar irradiance 
forecasting performance. 

Given the limitations of existing methods in terms of multimodal information 
interaction mechanisms and adaptability to complex weather scenarios, this paper 
proposes TSGAN (Transformer Selective Gated Attention Network), a Transformer-
based, state-aware adaptive fusion forecasting framework. By synergistically fusing 
visual information from sky-cloud images with structured numerical sequence data, this 
framework enhances the model’s ability to capture complex dynamic changes in ultra-
short-term solar irradiance. The framework first constructs a Unified State Encoder (USE) 
with heterogeneous representation paths tailored to the data characteristics of different 
modalities. For the numerical modality, a Transformer encoding structure is utilized to 
model deep temporal relationships among historical irradiance and meteorological 
variables, and a global dependency capture mechanism is employed to extract dynamic 
evolutionary patterns and latent correlation features associated with irradiance changes. 
For the image modality, a visual encoding branch integrating spatial perception and 
temporal evolution is constructed. A convolutional feature extraction mechanism captures 
local spatial structures in sky-cloud patterns, while a temporal modeling mechanism 
further characterizes dynamic information such as cloud movement and visual state 
changes, thereby forming a visual state representation with spatiotemporal consistency. 
After obtaining high-level state representations from different modalities, this paper 
further designs a selective gated attention network as the core cross-modal fusion module. 
By introducing a modality-state-aware mechanism, the network dynamically adjusts the 
relative contributions of the image and numerical modalities across different forecasting 



scenarios. Unlike traditional feature concatenation or fixed-weight fusion methods, 
TSGAN does not combine all modal information indiscriminately. Instead, by integrating 
state awareness with a gated weight-generation mechanism, it adaptively learns the 
relative importance of features from different modalities and performs information 
filtering and complementary enhancement in the latent space. This mechanism 
dynamically adjusts the contributions of the two modalities based on the weather state of 
the current sample, thereby enhancing the model’s responsiveness to irradiance changes 
under complex weather conditions and improving forecasting stability. The main 
contributions of this paper are as follows: 

(1) We propose TSGAN, a multimodal solar irradiance forecasting framework based 
on a Transformer and a selective gated attention network. By constructing a collaborative 
representation system for sky-cloud images and numerical time series, TSGAN enables 
the joint modeling of visual weather information and historical physical patterns, 
effectively addressing the information gaps inherent in single-modality approaches 
regarding spatial perception or temporal evolution. 

(2) We construct a dual-branch state encoding structure tailored to heterogeneous 
inputs. The Transformer temporal encoder extracts long-term dependencies and dynamic 
patterns from the numerical modality, while a visual encoding mechanism captures cloud 
structures and motion characteristics from sky-cloud images, thereby yielding 
complementary multimodal state representations. 

(3) We propose a selective gated attention network that transforms the multimodal 
fusion process from static feature combination into dynamic information selection based 
on sample-state awareness. This network can adaptively adjust the fusion weights of 
image and numerical features according to changes in modality reliability under different 
weather conditions, enabling more refined cross-modal information interaction. 

2. METHODOLOGY 

To validate the effectiveness and superiority of the proposed method, this study 
constructs an overall research framework, as shown in Figure 1. The framework primarily 
consists of four steps: (1) multimodal state encoding and feature alignment; (2) state-
aware adaptive modality fusion; (3) multimodal fusion forecasting; and (4) model 
performance evaluation. 

The TSGAN proposed in this paper is designed for ultra-short-term GHI forecasting 
tasks, and its overall architecture consists of a unified state encoder and a modality-
selective predictive decoder. The unified state encoder extracts heterogeneous state 
representations from numerical sequences and sky images, while the modality-selective 
predictive decoder employs a modality-selective attention gating mechanism as its core 
fusion module to dynamically filter and adaptively fuse the two types of representations, 
ultimately outputting GHI forecasts for future time steps. Unlike traditional multimodal 
models, which directly concatenate features from different modalities and feed them into 
the prediction layer, the core idea of TSGAN is to explicitly model the multimodal fusion 
process as a dynamic decision-making process involving “modality-state identification—



modality-importance allocation—complementary information fusion,” enabling the 
model to autonomously determine the relative contributions of the numerical and image 
modalities to the forecast based on the current sample state. Specifically, the numerical 
modality consists of historical GHI, DNI, DHI, and meteorological variables, primarily 
describing the historical inertia and short-term evolution trends of irradiance; the image 
modality consists of continuous sky-cloud images, primarily providing visual priors such 
as cloud-cover information and changes in sky brightness. Although the two modalities 
are complementary, their relative importance varies across different weather scenarios. 
Therefore, this paper does not adopt a fusion strategy based on fixed weights or simple 
concatenation; instead, it incorporates a modality-selective attention gating mechanism 
as the core design of TSGAN, enabling the model to adaptively determine the effective 
contributions of the two modalities at both the sample and feature-dimension levels. 

 

Figure 1. Forecasting framework. 

2.1 Unified State Encoder 

The goal of a unified state encoder is to map numerical sequences and sky images 
onto the same latent space, providing comparable high-level representations for 
subsequent modal selection and fusion. Given a history observation window of length 

L  , the numerical modal input is denoted as ×num L F
X   , where F  is the dimension 

of the numerical variables; the time-aligned sequence of sky images is denoted as
× × ×L C H Wimg

X  . The prediction process of TSGAN can be formalized as: 

 ˆ ( , )num img
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Here, ˆ
t+τy  represents the GHI prediction values for the next   steps, and F  is 

a nonlinear mapping function composed of a state encoder, a gated fusion module, and a 
prediction decoder. 

For numerical modalities, this paper employs a temporal Transformer encoder to 
extract dynamic dependencies among historical physical variables. First, the raw 
numerical sequences are mapped to a unified latent space, with positional encoding added 
to preserve temporal order; subsequently, the Transformer encoder models global 
dependencies across different time steps to obtain contextual representations of the 
numerical modalities: 
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0( )num num numZ TransformerEncoder Z=  (3) 

 Pool( )num numh Z=  (4) 

Here, 
numZ   represents the high-level temporal representation of the numerical 

sequence, and d
num
h   is the aggregated numerical modal state vector. This branch 

captures the nonlinear relationship between GHI and meteorological variables while 
preserving the overall trend of change within the historical window. 

For the image modality, this paper adopts an encoding architecture that combines a 
CNN with a temporal Transformer. The CNN first extracts local spatial features from 
single-frame sky images, including changes such as areas where the sun is obscured and 
the edges of cloud formations; it then organizes the visual features of consecutive image 
frames into a temporally ordered sequence of visual tokens and uses the temporal 
Transformer to model the dynamic evolution of the cloud sequence: 
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Here, 
img
h  represents the image modal state vector. This branch not only describes 

the spatial structure of a single-frame cloud image but also captures the continuous trends 
in cloud cover within the historical window, thereby providing visual prior information 
for short-term GHI fluctuations. 

2.2 State-Aware Adaptive Fusion Mechanism 

After obtaining the numerical state vector numh  and the image state vector 
imgh  , 



the model further enables dynamic interaction between the two types of modal 
information through an adaptive attention fusion module. Since the effectiveness of image 
and numerical information varies under different weather conditions, this paper 
constructs a state-aware weight-allocation mechanism that adaptively adjusts the 
contributions of features from different modalities based on the joint state of the current 
sample, enabling the model to fully leverage the historical evolution patterns in numerical 
time series and the visual prior information in sky-cloud images. This module first jointly 
models the states of the two modalities to generate the corresponding modality-selection 
weights and then dynamically filters and fuses different feature dimensions based on these 
weights. Compared with fixed fusion strategies, this method can flexibly adjust modality 
dependencies in response to changing weather conditions, effectively utilizing historical 
trends under stable weather conditions while enhancing the role of visual information in 
scenarios such as rapid cloud movement or solar occlusion, thereby obtaining a more 
discriminative fused state representation. 

Specifically, the state vectors of the two modalities are first concatenated to form
num img

r = [h ;h ]  joint state representation. The joint state vector r   contains both the 

numerical modality’s representation of historical physical trends and the image 
modality’s representation of the visual state of the sky; therefore, it can be regarded as a 
multimodal state summary of the current forecasting sample. Next, modality-selection 
weights are generated using a lightweight attention-gating network. In a two-modality 
scenario, the sigmoid gate can be viewed as a form of binary soft-attention allocation: 

 
g gs W r b= +  (9) 

 ( ),   (0,1)dg s g=   (10) 

 ,    1num imga g a g= = −  (11) 

Here, s  represents the modal selection score derived from the joint state mapping, 
g   denotes the attention weight of the numerical modality on each latent feature 
dimension, and 1 g−   denotes the attention weight of the image modality on the 
corresponding dimension. Since g  is determined by the current sample’s joint state r  , 
this weight is not a fixed parameter but rather a modality-reliability response that changes 
dynamically with the input sample. If the historical numerical sequence in a given sample 
exhibits a stable trend, the gating network can increase the weight of the numerical 
features; if the sky image shows obvious cloud cover or sudden changes in brightness, 
the gating network can enhance the contribution of the image features in the relevant 
dimensions. Ultimately, the model obtains a fused representation through dimension-wise 
weighting and feeds it into the forecasting decoder to predict solar irradiance at future 
time steps: 

 
fuse (1 )num num img img num imgh a h a h g h g h= + = + −  (12) 
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Here,    denotes element-wise multiplication, and ( )decf    represents the 

prediction decoder. Unlike global scalar weights, (0,1)dg  is a weight vector at the 
feature dimension level; therefore, TSGAN does not merely decide “whether to choose 
numerical values or images as a whole,” but performs fine-grained information filtering 
on each hidden feature dimension, enabling the model to simultaneously preserve the 
temporal evolution patterns in the numerical modality and the cloud variation information 
in the image modality. To further explain the model’s overall dependence on different 
modalities at the sample level, we can define a modal contribution coefficient: 
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1
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num k img num

k
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When num
a  is large, it indicates that the model considers the current sample to be 

more dependent on the physical trends in the historical data sequence; when 
img
a  is large, 

it indicates that the model considers the visual information of cloud layers in the sky 
images to be more critical for the prediction. Thus, TSGAN not only performs feature 
fusion but also provides an interpretable modal selection signal that can be used to analyze 
how the model’s reliance on the two modalities changes under different weather 
conditions. 

2.3Evaluation Metrics 

To comprehensively evaluate the performance of the proposed model in the solar 
irradiance forecasting task, this paper uses mean absolute error (MAE), symmetric mean 
absolute percentage error (SMAPE), normalized root mean square error (NRMSE), and 

the coefficient of determination ( 2R ) as evaluation metrics. Among these, MAE measures 

the average absolute deviation between predicted and observed values and provides an 
intuitive measure of the model’s overall forecasting error; SMAPE evaluates the deviation 
between predicted and observed values in terms of relative error, thereby mitigating the 
impact of differences in data scale across varying irradiance levels; NRMSE emphasizes 
larger errors and is therefore better suited to evaluating the model’s ability to capture 
irradiance fluctuations under sudden weather changes, such as cloud cover; and 2R  
measures how well the predicted values fit the observed trend, reflecting the model’s 
ability to capture the overall evolution of solar irradiance. The formulas for these metrics 
are as follows: 
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3 EMPIRICAL RESEARCH 

3.1 Data Sources and Sample Construction 

This paper conducts experiments using an open dataset published on the Open 
Energy Data Initiative (OEDI) platform. The data are sourced from the abq_data subset 
available on its public webpage (https://data.openei.org/submissions/8414）[34]. This 
dataset is designed for the joint modeling of solar irradiance and sky images. It includes 
ground-based meteorological observations, solar irradiance variables, and sky images 
corresponding to the observation times in the Albuquerque, New Mexico, area, thereby 
providing both numerical state information and visual information on cloud conditions. 
Given that this paper focuses on short-term forecasting performance under continuous 
time-series conditions, and considering that the original data for 2020 and 2022 are 
incomplete, directly including these years in the experiments could lead to incomplete 
seasonal distributions and an imbalance between the training and test samples. Therefore, 
this paper selects the relatively complete data for the entire year of 2021 as the study 
sample and divides them into four subsets—Q1, Q2, Q3, and Q4—based on calendar 
quarters, thereby enabling a more thorough evaluation of the model’s forecasting stability 
and generalization ability across different temporal contexts. 

This study uses data with a 10-minute resolution to ensure temporal consistency 
across different modalities. Numerical variables and corresponding sky images are 
aligned according to the same time scale and used as inputs for the forecasting model.. 
After this processing, each sample contains both a historical numerical sequence and a 
sky-image sequence with the same time index, thereby ensuring temporal consistency 
across modalities. For missing values and invalid samples, this study first excludes 
records that cannot be matched to valid image paths and interpolates isolated missing 
values in the numerical variables. Additionally, considering that the forecasting task has 
limited practical significance when nighttime irradiance is zero, this study retains only 
valid daytime samples for which ghi_0 > 0, preventing a large number of nighttime zero-
value samples from weakening the model’s ability to learn cloud-induced irradiance 
fluctuations. 

Regarding variable selection, this study uses global horizontal irradiance, ghi_0, as 
the forecasting target and employs its historical observations as key input information for 
the numerical modality. The numerical modality primarily includes variables related to 
irradiance, meteorological conditions, and local wind fields, which are used to 
characterize variations in solar irradiance and their external weather drivers. The image 

https://data.openei.org/submissions/8414


modality consists of sky images corresponding to the observation times, which provide 
visual information such as cloud cover, cloud type, solar occlusion, and cloud texture. 
These two modalities characterize irradiance variation processes from the perspectives of 
structured meteorological observations and unstructured sky images, respectively, laying 
the foundation for subsequent multimodal fusion forecasting. The specific variable names 
and definitions are presented in Table 1. 

During the sample construction phase, this paper uses a sliding-window approach to 
generate supervised learning samples. The aggregated data have a time interval of 10 
minutes, and the model uses observations from the previous hour as input; thus, each 
sample contains numerical features from six consecutive historical time steps and the 
corresponding sky images. The prediction targets are global horizontal irradiance values 
for the next 10, 20, and 30 minutes, corresponding to forecasting steps h = 1, 2, and 3, 
respectively. 
Table 1. Description of numerical meteorological and irradiance variables 

Variable The full name of the variable 

ghi_0 Global Horizontal Irradiance at the current time step 

Dni_0 Direct Normal Irradiance at the current time step 

Dhi_0 Diffuse Horizontal Irradiance at the current time step 

Bp_0 Barometric Pressure at the current time step 

Wind_speed_0 Wind speed at the current time step 

Wind_direction_0 Wind direction at the current time step 

Temp_air_0 Air temperature at the current time step 

Relative_humidity_0 Relative humidity at the current time step 
 

Wind_direction_std 
Standard deviation of wind direction at the current 

time step 

Rain_mm_tot The average daily length of each piece of Dianping 
text 

To avoid information leakage in time-series forecasting, all datasets in this paper are 
partitioned chronologically rather than randomly shuffled, thereby preserving the 
temporal structure of the samples. Within each quarterly dataset, the first 70% of the 
samples are used for model training, the subsequent 15% for validation and parameter 
selection, and the final 15% for testing and performance evaluation. 

To validate the effectiveness of the proposed multimodal gated fusion model, this 
paper establishes three comparison groups. Comparison Group (i) compares the proposed 
method with baseline models that use only the numerical modality, including traditional 
statistical models, machine learning models, and deep time-series models, to assess 
whether introducing sky images can further improve forecasting accuracy at different 
forecasting horizons. Comparison Group (ii) compares the proposed method with visual 
forecasting models that use only sky images to examine whether combining numerical 
sequence information with image information improves the ability to characterize 
absolute irradiance levels and capture cloud-induced fluctuations. Comparison Group (iii) 
compares the proposed method with multimodal fusion strategies, such as direct 
concatenation, standard gated fusion, and cross-attention, to verify the effectiveness of 
TSGAN in adaptive modality selection and forecasting performance enhancement. 



3.2 Comparison with the Baseline Model 
To evaluate the effectiveness of the proposed method compared with conventional 

numerical forecasting frameworks, this paper selects XGBoost, RF, MLP, GRU, LSTM, 
Transformer, and PatchTST as baseline models [35-38]. Among these, RF, XGBoost, and 
MLP represent traditional machine learning and ensemble learning methods; GRU and 
LSTM focus on extracting recurrent dependencies within sequences; and Transformer 
and PatchTST further characterize time series from the perspectives of global 
dependencies and patch-based modeling, respectively. All models employ the same data 
partitioning, input window, and forecasting settings; the relevant results are presented in 
Table 2 and Figure 2. 

 

Figure 2 Performance comparison of numerical forecasting models 

As shown by the performance distributions of the various models across different 
quarters and forecasting horizons in the figure, all types of numerical models are capable 
of learning certain variation patterns from historical irradiance and meteorological 
variables; however, their forecasting capabilities vary significantly across seasons and as 
the forecasting horizon increases. Compared with the various numerical baseline models, 
the method proposed in this paper maintained superior overall performance across all four 



quarters and three forecasting steps, with average MAE, NRMSE, and SMAPE values of 

47.312, 17.813, and 21.245, respectively, and an average 2R   of 0.9194. Further 

examination of performance variations across different forecasting horizons reveals that 
the proposed method demonstrates a more pronounced advantage in one-step-ahead 
forecasts. This is because irradiance changes over short timescales are often directly 
influenced by local cloud movement and shading variations, whereas visual information 
provides prior knowledge of the spatial state in the immediate vicinity, enabling the model 
to capture potential irradiance trends in advance. Compared with models that rely solely 
on historical numerical responses, the proposed method can utilize image information to 
promptly correct for sudden irradiance fluctuations, thereby achieving higher accuracy in 
short-term forecasting. 

As the forecasting horizon extends from Step 1 to Step 3, performance generally 
declines. This is because irradiance variations are influenced not only by historical trends 
but also by short-term dynamic factors such as cloud movement and changes in shaded 
areas. For models that rely solely on numerical information, forecasts are primarily based 
on observed irradiance responses. When rapid cloud changes occur in the future, these 
models struggle to obtain timely information about changes in the external environment, 
making them prone to forecasting lags and cumulative errors. In contrast, the proposed 
method maintains relatively stable performance as the forecasting horizon increases. For 

example, the average 2R   decreases from 0.9636 at Step 1 to 0.8790 at Step 3, 

representing a relatively limited decline. This indicates that multimodal information 
fusion can effectively enhance the model’s ability to anticipate future irradiance trends. 
Specifically, the numerical modality provides historical patterns of irradiance variation 
and meteorological constraints, while the image modality extracts early-warning 
information from cloud structures and potential occlusion trends. The two modalities 
complement each other, enabling the model not only to learn “changes that have already 
occurred” but also to capture “changes that are about to occur,” thereby reducing the 
uncertainty associated with extrapolation based solely on historical time series. 



Table 2. Performance comparison between the proposed model and single numerical modality models for solar irradiance forecasting 

STEP 
Model 

Q1 Q2 Q3 Q4 

 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 

Step-
1 

RF 52.9897 12.3797 15.3156 0.9256 56.3470 16.8027 19.6662 0.9216 47.7288 16.7416 17.5993 0.9212 35.4693 19.8229 22.5299 0.9017 

XGBoost 58.7660 14.0933 16.4614 0.9140 63.4248 19.6014 20.5291 0.9146 51.5024 19.1569 17.5571 0.9216 38.9485 23.8233 23.1045 0.8966 

MLP 52.5641 17.5571 15.2730 0.9260 56.1962 22.6262 19.2813 0.9246 68.2113 26.8714 20.5997 0.8921 39.4765 23.9402 23.3823 0.8941 

GRU 40.0042 13.5983 13.2609 0.9442 53.9849 21.2596 18.9924 0.9269 61.1701 25.7836 19.3013 0.9052 36.1166 22.9691 21.6926 0.9089 

LSTM 46.8536 15.4118 13.6882 0.9405 53.5547 19.9720 18.8822 0.9277 54.3577 20.0967 18.7509 0.9106 38.8054 26.6381 22.4317 0.9025 

Transformer 47.2497 14.6467 13.9456 0.9383 52.4942 18.2871 18.7854 0.9285 58.2745 24.1689 18.6239 0.9118 41.7129 27.0208 23.6987 0.8912 

PatchTST 46.2377 13.8455 14.3517 0.9346 53.1004 21.6201 18.9871 0.9269 50.9296 20.3758 17.7784 0.9196 36.2664 24.5423 22.3933 0.9029 

TSGAN 28.4211 10.7657 9.5866 0.9708 36.6041 20.1119 12.6762 0.9674 36.1998 14.6895 12.3918 0.9609 24.5830 17.4334 15.2121 0.9552 

Step-
2 

RF 70.2633 17.6600 19.1439 0.8796 87.3365 26.7932 26.4605 0.8552 74.8056 25.8801 24.9931 0.8371 56.4977 32.7474 31.8323 0.7988 

XGBoost 77.2864 19.4473 20.5321 0.8615 88.1219 28.0325 26.2850 0.8571 79.7950 28.2082 25.0105 0.8369 57.5884 34.4438 32.0023 0.7967 

MLP 74.9282 20.9336 19.3706 0.8768 87.5695 31.2376 25.2535 0.8681 90.8654 32.1935 28.3509 0.7904 57.1429 35.2786 31.5829 0.8020 

GRU 59.0432 19.2945 16.9440 0.9057 80.8119 31.3712 24.1437 0.8794 75.5947 29.0572 24.7177 0.8407 50.0470 32.7457 28.6730 0.8368 

LSTM 70.0936 20.0605 18.3628 0.8893 83.3903 29.1944 24.8387 0.8724 87.0310 32.1071 26.6532 0.8147 57.9969 34.8493 30.7947 0.8117 

Transformer 70.2039 19.7134 18.9135 0.8825 74.6050 27.0350 24.3105 0.8778 87.6198 31.7198 25.8468 0.8258 53.7978 33.9544 32.5558 0.7896 

PatchTST 61.6895 20.1016 17.8046 0.8959 80.5617 29.7874 25.2363 0.8683 75.8673 28.7317 23.7668 0.8527 63.0903 38.0866 34.8760 0.7585 

TSGAN 43.9107 15.0788 14.2682 0.9331 59.2346 22.4698 20.5965 0.9123 49.3443 22.3576 15.4098 0.9381 38.5968 24.3409 24.6437 0.8794 

Step-
3 

RF 88.8093 21.8896 22.5330 0.8283 114.8431 33.7175 31.9194 0.7854 92.7084 30.7261 30.0340 0.7594 69.5711 39.0298 37.1546 0.7200 

XGBoost 95.1660 23.1660 23.8095 0.8083 115.9998 35.5146 31.7069 0.7883 96.1837 32.8281 29.8207 0.7628 74.8514 42.0306 38.9493 0.6923 

MLP 89.9705 26.7531 22.3870 0.8305 117.1338 39.0895 33.1054 0.7692 106.2680 37.0357 30.9844 0.7439 66.7619 40.8752 35.7077 0.7414 

GRU 73.5781 21.8581 20.6928 0.8552 104.8188 38.3769 29.1331 0.8213 96.5297 34.3541 29.8170 0.7628 66.5768 40.3966 33.3098 0.7750 

LSTM 80.7717 23.0682 21.1303 0.8490 114.9874 38.3904 30.5616 0.8033 104.5444 35.7512 30.9886 0.7438 68.1873 41.8047 35.9558 0.7378 

Transformer 81.1241 22.0003 21.2581 0.8472 96.5460 34.4869 28.3348 0.8309 95.2539 33.3290 29.5062 0.7678 66.8385 38.5422 35.3214 0.7470 

PatchTST 78.5047 23.6689 21.7759 0.8396 84.8937 31.4819 27.9287 0.8357 98.9263 34.3361 29.5281 0.7674 70.7175 38.8915 39.6316 0.6814 

TSGAN 59.0974 20.7958 16.8688 0.9038 79.5132 29.5678 24.2747 0.8759 64.6891 25.3517 21.3197 0.8788 47.5525 31.9790 26.5137 0.8574 



3.3 Comparison with Single-Modality Image Models 

Furthermore, this paper compares the proposed method with single-image-modality 
models, including CNN, ResNet, and CNN-LSTM [39] . These models directly extract 
cloud-texture and temporal-evolution information from continuous sky-image sequences, 
providing visual cues regarding rapid changes in irradiance. All models use the same 
image sequences and data partitions; the relevant results are presented in Table 3 and 
Figure 3. 

 

Figure 3. Performance comparison of image-based forecasting models 

The figure compares the forecasting results of the proposed method and the single-
image-modality models across different quarters. The scatter plots illustrate the 
agreement between the predicted and actual irradiance values, while the black dashed line 
represents perfect agreement. The closer the data points are to this line, the more closely 
the model’s predictions match the actual values. The marginal histograms at the top, 
bottom, and right sides of the figure show the distributions of actual and predicted 
irradiance values across different ranges. These histograms can be used to assess whether 
the model captures the variation range and probability distribution of actual irradiance. 

As shown in the figure, although single-image models such as CNN, ResNet, and 
CNN-LSTM can capture certain trends in irradiance variation by utilizing cloud 
structures and occlusion changes in sky images, their prediction points still exhibit some 
dispersion, with some deviating significantly from the ideal diagonal line. At the same 
time, discrepancies exist between the distributions of the predicted and actual values, 
indicating that when relying solely on visual information, the models’ ability to 



characterize the overall range of irradiance variation remains limited. This is primarily 
because image information reflects the current state of the sky, whereas irradiance is 
determined not only by cloud morphology but also by factors such as the sun’s position 
and historical irradiance conditions. Identical or similar visual features may correspond 
to different irradiance responses, making single-image models prone to forecasting biases 
in complex environments. In contrast, the prediction points of the proposed method are 
generally more concentrated around the ideal diagonal line and exhibit greater 
consistency across different quarters. Furthermore, the distribution of its predicted values 
more closely resembles that of the actual values, indicating that the model not only 
reduces forecasting errors but also more accurately preserves the overall distributional 
characteristics of irradiance variation. This suggests that incorporating additional state 
information can mitigate the uncertainty introduced by a single visual representation, 
resulting in more stable forecasts across different irradiance levels. 

The results in the table show that, compared with the image-based baseline models, 
the proposed method reduces MAE and NRMSE by 32.38% and 23.32%, respectively. 
These results further demonstrate that multimodal fusion can effectively address the 
limitations of single-image models in characterizing irradiance states, enabling the model 
to capture trends more accurately and produce more reasonable forecast distributions. 
From this perspective, the improvement achieved by the proposed method does not 
simply stem from an increase in the amount of input information but rather from the 
complementary constraints formed between different types of information. While single-
image models primarily rely on visual patterns to determine changes in irradiance, the 
proposed method integrates additional information related to irradiance conditions, 
enabling the model to obtain a more comprehensive understanding of variation patterns 
under complex weather conditions. Consequently, multimodal fusion enhances the 
model’s adaptability to abnormal fluctuations and different seasonal conditions, thereby 
improving the reliability of the forecasting results. 

 

 



Table 3. Comparison of the proposed model with image-based methods 

STEP 
Model 

Q1 Q2 Q3 Q4 

 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 

Step-1 CNN 60.8863 19.4475 14.9276 0.9293 46.4366 20.0451 15.0090 0.9543 49.2031 18.6164 15.0043 0.9427 39.3357 31.4015 20.9847 0.9147 

ResNet-LSTM 67.8866 19.7962 17.0178 0.9081 52.6929 20.2368 16.5982 0.9441 50.6120 21.8449 14.6862 0.9451 79.4117 43.8879 37.2124 0.7318 

CNN-LSTM 55.2556 17.1375 13.6226 0.9411 48.8529 20.3098 16.4731 0.9450 40.4415 18.3717 12.7693 0.9585 35.5252 27.4414 19.5867 0.9257 

ResNet-GRU 84.2449 23.0642 18.8898 0.8868 47.5070 19.2686 15.3606 0.9522 50.7806 21.0146 14.8617 0.9438 62.9657 47.7757 33.1964 0.7865 

CNN-GRU 60.1757 17.6644 14.3149 0.9350 49.7185 20.6398 15.1326 0.9536 45.5170 18.2212 14.6199 0.9456 40.0758 28.4571 24.7963 0.8809 

TSGAN 28.4211 10.7657 9.5866 0.9708 36.6041 20.1119 12.6762 0.9674 36.1998 14.6895 12.3918 0.9609 24.5830 17.4334 15.2121 0.9552 

Step-2 CNN 75.3770 20.9309 18.3015 0.8900 71.1133 29.1468 22.1796 0.8982 60.5951 24.4050 20.9891 0.8851 51.6569 35.4326 28.4207 0.8396 

ResNet-LSTM 110.5658 29.9702 25.9004 0.7797 74.5637 27.0218 23.4731 0.8860 74.1428 28.7704 22.7781 0.8647 50.6950 36.7209 28.5991 0.8376 

CNN-LSTM 84.9361 21.5693 19.5844 0.8740 75.9351 30.0893 22.3264 0.8969 63.3491 23.9593 21.0501 0.8844 50.0196 33.5476 27.5993 0.8488 

ResNet-GRU 114.3686 34.1274 30.5537 0.6934 80.7047 28.2466 24.4027 0.8768 71.7284 25.6310 21.5609 0.8788 56.1173 38.5184 31.1703 0.8071 

CNN-GRU 102.9355 28.5014 24.3959 0.8045 73.2372 28.5925 23.1134 0.8895 57.9530 23.5628 19.3614 0.9022 50.1919 32.3101 28.9391 0.8337 

TSGAN 43.9107 15.0788 14.2682 0.9331 59.2346 22.4698 20.5965 0.9123 49.3443 22.3576 15.4098 0.9381 38.5968 24.3409 24.6437 0.8794 

Step-3 CNN 83.5889 23.2879 20.1045 0.8633 86.1066 33.8267 25.8874 0.8589 77.5286 30.0210 23.3805 0.8542 67.7925 42.3373 33.8331 0.7678 

ResNet-LSTM 90.1304 27.1278 20.7855 0.8539 103.8583 37.2314 30.2723 0.8070 82.9596 30.0554 23.9282 0.8473 67.9225 41.4289 34.9518 0.7522 

CNN-LSTM 85.9227 24.7037 19.9498 0.8654 105.5398 36.7112 29.5436 0.8162 76.0604 26.6169 23.4054 0.8539 71.1775 42.0150 36.2762 0.7331 

ResNet-GRU 109.9737 29.0672 25.5261 0.7796 86.6949 31.7819 26.1368 0.8561 89.3834 32.2895 26.5124 0.8125 67.0376 39.0241 33.6354 0.7705 

CNN-GRU 89.6667 25.8159 21.3057 0.8465 88.9447 34.8601 27.5067 0.8407 73.2801 26.1237 23.7445 0.8496 76.8135 44.3453 37.3280 0.7174 

TSGAN 59.0974 20.7958 16.8688 0.9038 79.5132 29.5678 24.2747 0.8759 64.6891 25.3517 21.3197 0.8788 47.5525 31.9790 26.5137 0.8574 



3.4 Comparison with Other Multimodal Fusion Methods 
To further analyze the impact of the fusion strategy itself, this paper compares the 

proposed method with approaches such as direct concatenation, gated fusion, and Cross-
Attention [40] . Since the only differences among these methods lie in the modalities’ 
interaction and joint representation, this comparison allows us to evaluate the effectiveness of 
the fusion mechanisms while essentially eliminating differences in the input information. The 
relevant results are shown in Table 4.  

Overall, compared with the average performance of the other fusion methods, the 
proposed method reduced MAE, RMSE, NRMSE, and SMAPE by 18.39%, 12.15%, 13.21%, 

and 13.91%, respectively, while increasing the average 2R  by 0.0260. Even compared with 

the best-performing fusion baseline, the proposed method reduced the four error metrics by 
15.48%, 10.43%, 11.69%, and 10.82%, respectively. 

 

Figure 4 Prediction performance comparison under different fusion strategies 

Figure 4 compares MAE of different multimodal fusion strategies across four quarters 
and three forecasting horizons. The bars represent the average error of each method at different 
forecasting horizons, the error bars reflect the variation in model forecasting errors across 
different experimental samples, and the dashed lines indicate the trend in model performance 
as the forecasting horizon increases. As shown in the figure, compared with the single-modality 
methods, all multimodal fusion strategies achieved some degree of performance improvement, 
indicating clear complementarity between image and numerical information. However, 
significant differences remain among the fusion methods, indicating that multimodal 
forecasting performance depends not only on the incorporation of multiple information sources 
but also on how information is exchanged between modalities. Compared with the other fusion 
strategies, the proposed method maintains lower error levels across all four quarters and 



forecasting horizons, while its error bars are generally narrower. This suggests that the method 
not only improves forecasting accuracy but also reduces performance fluctuations across 
different scenarios.  

Analysis of error variations across different fusion strategies reveals that, although some 
methods can reduce the average forecasting error by combining image and numerical 
information, they still exhibit significant fluctuations across different quarters and forecasting 
horizons. For example, certain fusion strategies achieve good forecasting results at Step 1, but 
as the forecasting horizon increases, their errors grow markedly, indicating that fixed fusion 
methods struggle to sustain effective information utilization over longer forecasting horizons. 
In contrast, the proposed method maintains a low error level even for Step 3 forecasts, with the 
average 2R   remaining high, indicating that this method can effectively mitigate error 
accumulation in longer-horizon forecasts. This is primarily because the proposed fusion 
strategy does not simply concatenate features from different modalities; rather, it adjusts the 
contributions of different types of information based on the current input state, enabling the 
model to focus more on effective features associated with current trends during the forecasting 
process. 

Furthermore, the error bars of the proposed method are generally narrow, indicating 
greater stability across different quarters and weather conditions. Compared with fusion 
methods that exhibit significant increases in error under complex scenarios, the proposed 
method reduces the overall MAE by approximately 18.39%, while also exhibiting less 
performance variation across different experimental settings. This suggests that the dynamic 
fusion mechanism can reduce information bias caused by a single fixed fusion approach, 
enabling the model to maintain more consistent forecasting capabilities under different 
environmental conditions. Particularly under complex irradiance variations, the model prevents 
any single type of information from excessively dominating the forecasting process, thereby 
reducing forecasting bias in anomalous scenarios. Traditional multimodal fusion methods 
typically assume that different modalities have fixed levels of importance across all scenarios; 
however, in actual forecasting, the reliability of information from different sources varies with 
weather conditions and temporal scales. When the input information is highly relevant to the 
current state, a fixed fusion method can yield good forecasting results; however, when the 
validity of certain information decreases, excessive fusion may introduce additional 
interference. The proposed fusion strategy dynamically adjusts the information-interaction 
relationships between modalities, enabling the model to utilize features from different sources 
more flexibly and thereby enhancing the effectiveness of the joint representation. 

Consequently, the experimental results demonstrate that improvements in multimodal 
forecasting performance stem not only from the joint input of image and numerical information 
but, more importantly, from effective synergy between the different modalities. Through 
dynamic information organization, the proposed method reduces forecasting errors while 
enhancing model stability across different quarters and forecasting horizons, thereby validating 
the effectiveness of the proposed fusion strategy in complex irradiance forecasting tasks. 

 



Table 4. Comparison of the proposed model with other fusion methods 

STEP 
Model 

Q1 Q2 Q3 Q4 

 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 MAE SMAPE NRMSE R2 

Step-
1 

CFN 33.8629 11.7939 11.2062 0.9602 43.5615 20.4751 13.9736 0.9604 40.3441 18.3517 12.7362 0.9587 25.4541 16.7763 16.3730 0.9481 

CAFN 38.5501 12.2260 11.0842 0.9610 49.3951 22.0236 15.1711 0.9533 42.4327 17.5376 13.5038 0.9536 32.0827 21.2089 20.3811 0.9195 

SGFN 32.3662 12.5895 11.1414 0.9606 39.5424 15.6119 14.1757 0.9593 40.4458 18.2122 13.2014 0.9557 28.5172 19.3743 17.8619 0.9382 

TCAFN 45.1537 13.5854 12.2421 0.9524 56.3061 25.4211 16.3367 0.9459 43.3537 19.5663 14.4369 0.9470 31.4102 23.6310 18.2674 0.9354 

TSGAN 28.4211 10.7657 9.5866 0.9708 36.6041 20.1119 12.6762 0.9674 36.1998 14.6895 12.3918 0.9609 24.5830 17.4334 15.2121 0.9552 

Step-
2 

CFN 60.7973 18.0223 16.0775 0.9151 74.3315 27.6418 22.3132 0.8970 69.1981 26.5466 21.5787 0.8786 44.1622 29.3326 26.6717 0.8588 

CAFN 53.8047 17.2609 15.1621 0.9245 73.0267 28.9266 21.4064 0.9052 67.3755 27.6483 21.1848 0.8830 43.8535 28.5826 25.8506 0.8673 

SGFN 53.8722 20.7055 15.0869 0.9252 64.5147 23.6376 21.1750 0.9073 81.1567 31.3069 24.0044 0.8497 43.2551 27.6386 26.7824 0.8576 

TCAFN 60.4293 18.1699 16.7945 0.9074 74.8670 29.4463 22.6267 0.8941 74.9146 30.9109 22.0610 0.8731 46.6308 30.4362 27.9863 0.8445 

TSGAN 43.9107 15.0788 14.2682 0.9331 59.2346 22.4698 20.5965 0.9123 49.3443 22.3576 15.4098 0.9381 38.5968 24.3409 24.6437 0.8794 

Step-
3 

CFN 71.9797 20.1198 18.6624 0.8822 86.3303 31.9057 25.1329 0.8670 96.4355 33.7121 27.5757 0.7972 53.0098 37.6579 31.2857 0.8015 

CAFN 89.4325 22.3617 20.9417 0.8517 81.4223 27.3142 25.0953 0.8674 86.5868 32.5640 25.4438 0.8273 62.3322 39.2589 33.5386 0.7719 

SGFN 66.3045 21.0048 17.5596 0.8957 73.3572 27.4594 22.5308 0.8931 90.1218 33.1891 25.7172 0.8236 58.3039 35.1412 32.8347 0.7813 

TCAFN 73.4771 23.7718 18.3604 0.8860 88.3074 31.9208 26.3327 0.8540 76.7755 27.8649 24.0623 0.8456 57.1233 34.4008 31.6957 0.7962 

TSGAN 59.0974 20.7958 16.8688 0.9038 79.5132 29.5678 24.2747 0.8759 64.6891 25.3517 21.3197 0.8788 47.5525 31.9790 26.5137 0.8574 



4. DISCUSSION 

4.1 Seasonal Variation Analysis 

Solar irradiance forecasting performance is influenced not only by model structure but also by 
the combined effects of seasonal variations in the Sun’s motion patterns and changes in cloud-
evolution characteristics. The experimental results across the four quarters show that different models 
exhibit significant performance differences during seasonal transitions, indicating that irradiance time 
series exhibit strong seasonal dependence. Their variation patterns are not determined entirely by 
historical trends but are dynamically modulated by external environmental conditions. Overall, in Q1 
and Q4, because of the lower solar altitude angle, irradiance levels are generally lower, and variation 
trends are governed more strongly by patterns of solar motion. Historical irradiance time series can 
therefore provide relatively stable trend information, allowing models that rely partly on time-series 
characteristics to maintain a certain level of forecasting capability. Accordingly, TSGAN’s modality-
selection mechanism tends to increase the contribution of historical time-series features. However, in 
Q2 and Q3, as solar radiation intensifies and local weather activity becomes more frequent, cloud 
formation and dissipation increasingly influence irradiance variations, causing the irradiance time 
series to exhibit more pronounced nonstationarity and random fluctuations. Under these conditions, 
models that rely solely on historical data struggle to promptly detect future changes in environmental 
conditions and are prone to interpreting sudden decreases or recoveries in irradiance as anomalous 
disturbances, thereby leading to forecasting lags and error accumulation. Figure 5 illustrates the 
variation in forecasting performance across different quarters.   

 

Figure 5 Comparison of the proposed model with different models under seasonal conditions 



As shown in Figure 5, seasonal variations have a relatively significant impact on the forecasting 
performance of different types of models; however, the proposed TSGAN consistently maintains 
optimal or near-optimal performance across all four quarters. Specifically, whether evaluated using 
error metrics such as MAE, NRMSE, and SMAPE or the goodness-of-fit metric 2R  , TSGAN 
outperforms the numerical, image-based, and general multimodal fusion methods. At the same time, 
TSGAN exhibits relatively small performance fluctuations across different quarters; for example, its 
NRMSE consistently remains low, while its 2R  remains high. This indicates that although seasonal 
variations alter irradiance levels and weather conditions, they do not significantly diminish the 
model’s relative advantage. In contrast, the single-image model exhibits significant fluctuations in 
Q1 and Q4, indicating that the predictive validity of sky images is easily affected by changes in the 
Sun’s altitude and seasonal cloud conditions. Although the single-numerical-modality model is 
generally more stable, its error gradually increases in Q2, Q3, and Q4, indicating that when relying 
solely on historical irradiance and meteorological time series, the model’s adaptability to rapid cloud 
changes and seasonal distributions remains limited. General fusion methods can mitigate the 
information deficiencies of single-modality approaches to some extent, but their performance still 
fluctuates significantly with seasonal variations, indicating that simple concatenation or fixed fusion 
cannot consistently ensure the effective use of information from different modalities. 

TSGAN demonstrates greater stability across different seasons, primarily because its modality-
selection mechanism dynamically adjusts the contributions of the two modalities based on current 
weather conditions and irradiance changes. When irradiance variations are relatively stable, the model 
can rely more heavily on historical numerical sequences to maintain the irradiance baseline and 
continuity of variation; when rapid irradiance fluctuations occur because of cloud movement or 
dissipation, the model can enhance the contribution of cloud-structure and spatial-variation 
information from sky images. Through this state-dependent modality filtering, the model reduces 
interference from lagging numerical information and conflicts between modalities in the joint 
representation, enabling multisource information to achieve more effective complementarity and 
coupling under different seasonal conditions. Therefore, TSGAN’s performance improvement does 
not stem solely from an increase in the amount of input information but more likely from its ability 
to dynamically identify the reliability of different modalities under seasonal changes and maintain 
more stable and effective information synergy under complex weather conditions. 

This dynamic adjustment capability distinguishes TSGAN from traditional fixed-fusion methods. 
Traditional fusion methods typically assume that the importance of different modalities remains 
constant, which may lead to the inclusion of low-reliability information in the forecasting process 
during seasonal changes. For example, under the low-light conditions observed in Q1, image-texture 
information may be insufficient; maintaining a high weight for visual information may therefore 
introduce noise. Conversely, under conditions of intense cloud variation in summer, excessive 
reliance on historical time series prevents timely responses to sudden decreases in irradiance. Through 
its modality-selective attention mechanism, TSGAN automatically adjusts modality contributions 
based on the current environmental state, achieving a transition from “fixed fusion” to “state-aware 
fusion.” Therefore, TSGAN’s performance improvement does not stem solely from an increase in the 
amount of input information but more likely from its ability to dynamically identify the reliability of 
different modalities under seasonal changes and maintain more stable and effective information 
synergy under complex weather conditions. 

4.2 DM Test Results 

To further verify the statistical reliability of the performance improvements observed above, this 



paper employs the Diebold-Mariano (DM) test to conduct pairwise comparisons of forecasting errors 
between TSGAN and the main comparison models under different prediction horizons. The absolute 
error is used as the loss function, and the results are presented in Table 5. 

The test results show that more than 98% of the comparisons are statistically significant at both 
the 10% and 5% levels. Notably, 96.88% of the comparisons remain statistically significant at the 1% 
level. These results indicate that TSGAN’s forecasting performance improvement relative to the 
comparison models does not stem from individual samples or random variation but is statistically 
significant. Furthermore, the significance results remain highly consistent across different quarters 
and forecasting horizons, indicating that seasonal variations and longer forecasting horizons do not 
diminish the model’s relative advantage. Therefore, the DM test results further support the preceding 
experimental conclusions from a statistical inference perspective and validate the effectiveness of the 
proposed modality-selective attention-gating mechanism in coordinating image information with 
numerical states and enhancing forecasting stability and reliability.



Table 5 DM test results of the proposed model compared with benchmark models. 

Model 
Q1 Q2 Q3 Q4 

1-step 2-step 3-step 1-step 2-step 3-step 1-step 2-step 3-step 1-step 2-step 3-step 

MLP -12.7788*** -11.7851*** -10.0271*** -9.3577*** -10.5347*** -8.0600*** -18.8208*** -12.5396*** -11.4990*** -10.6755*** -8.1341*** -6.7784*** 

GRU -6.4584*** -6.5432*** -5.0078*** -8.5068*** -8.3165*** -6.3110*** -15.5039*** -9.2549*** -9.1397*** -8.8954*** -5.5422*** -8.4642*** 

LSTM -10.4720*** -10.9580*** -7.0116*** -8.4164*** -9.1363*** -9.1489*** -11.6417*** -12.8344*** -10.6713*** -11.0516*** -9.0427*** -6.8990*** 

RF -11.8516*** -8.6125*** -8.1876*** -9.3329*** -9.3748*** -8.6126*** -7.4249*** -8.1984*** -6.9713*** -7.9269*** -8.1162*** -7.3516*** 

XGBoost -14.1962*** -9.9908*** -9.2250*** -12.2544*** -9.5931*** -9.1045*** -10.3229*** -10.7285*** -8.4087*** -10.6161*** -8.4612*** -8.5239*** 

Transformer -10.2675*** -8.7142*** -7.1272*** -7.9009*** -5.6173*** -5.3294*** -13.7082*** -13.7975*** -8.7120*** -12.7152*** -6.0573*** -7.0449*** 

PatchTST -9.1898*** -6.7949*** -5.7098*** -8.2501*** -7.7571*** -1.6850** -9.0908*** -9.8981*** -11.3183*** -8.4704*** -10.1418*** -6.9812*** 

CNN -17.1114*** -23.1374*** -8.0157*** -12.0363*** -9.2743*** -2.8404*** -9.2300*** -6.8245*** -3.7432*** -11.6160*** -6.3098*** -10.4385*** 

CNN-LSTM -17.6320*** -23.5472*** -10.0034*** -6.5151*** -5.9130*** -3.5773*** -3.0690*** -3.5580*** -3.1681*** -9.8048*** -6.3174*** -10.9104*** 

ResNet -17.8175*** -24.2792*** -12.3518*** -9.8929*** -7.5286*** -2.5580*** -10.1358*** -8.3019*** -7.8416*** -27.6246*** -7.8710*** -7.3029*** 

CNN-LSTM_1 -18.9347*** -13.4203*** -8.1658*** -9.1431*** -6.6870*** -6.0934*** -5.7215*** -5.4476*** -3.4185*** -10.3610*** -5.9171*** -8.7862*** 

ResNet_1 -24.9044*** -16.8316*** -8.4329*** -6.4990*** -5.6567*** -5.4960*** -9.2932*** -8.8533*** -6.3484*** -19.8362*** -5.8865*** -7.9785*** 

Concat -4.2220*** -8.4955*** -4.9562*** -4.9931*** -6.5308*** -2.5532*** -4.6039*** -8.5471*** -11.0671*** -0.9781 -3.2117*** -2.1690** 

Cross-Attention -7.6372*** -4.4062*** -8.5703*** -8.4485*** -6.0782*** -0.6136 -5.2414*** -7.8175*** -7.9000*** -7.0235*** -2.9125*** -6.8276*** 

Gated Fusion -2.9367*** -4.3878*** -3.5406*** -2.2395** -2.6934*** 2.4160 -3.7449*** -13.9326*** -8.8966*** -3.7641*** -2.7014*** -4.6332*** 

Patch Fusion -11.1843*** -6.4616*** -5.6044*** -13.3398*** -7.0923*** -3.3013*** -6.2304*** -10.9694*** -4.7956*** -7.1169*** -4.7417*** -4.2579*** 

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. The DM statistic is calculated based on absolute error loss and uses a one-tailed test; a negative value indicates that 
TSGAN has a lower prediction loss than the corresponding comparison model. 



5. CONCLUSION 

This paper proposes a multimodal adaptive fusion framework for ultra-short-term solar 
irradiance forecasting. By jointly modeling historical irradiance time series and dynamic cloud 
information from sky images, the framework effectively overcomes the limitations of traditional 
single-source forecasting methods, which struggle to capture rapid fluctuations caused by local cloud 
changes under complex weather conditions. Rather than simply adding input modalities, this method 
establishes deep correlations between numerical state evolution and changes in the visual 
environment, enabling the model to simultaneously learn historical patterns of irradiance variation 
and potential future perturbations, thereby enhancing forecasting accuracy, stability, and adaptability 
to complex scenarios. Based on systematic experimental validation across different quarters, 
forecasting horizons, and multiple benchmark models, this paper draws the following main 
conclusions: 

(1) The unified state encoder proposed in this paper effectively addresses the limited ability of 
traditional numerical baseline models to detect abrupt changes induced by localized clouds. 
Experimental results show that although models relying solely on historical irradiance and 
meteorological variables can effectively learn the periodic variation patterns of solar irradiance, they 
depend primarily on past state information and lack the ability to anticipate sudden irradiance changes 
caused by factors such as cloud cover and rapid cloud movement. Consequently, when the forecasting 
horizon is extended or weather conditions become more complex, a single numerical-modality model 
is prone to forecasting lags and cumulative errors. In contrast, by incorporating additional visual 
information about the sky, the proposed method enables the model not only to capture temporal 
dependencies in irradiance sequences but also to utilize external environmental states to anticipate 
future changes, thereby addressing, at the mechanistic level, the lack of leading information in 
traditional time-series models. 

(2) The multimodal joint representation method proposed in this paper effectively addresses the 
limitations of single-image models in anchoring absolute irradiance levels and maintaining historical 
continuity. Although visual models such as CNNs and ResNets can extract dynamic features—such 
as solar occlusion and cloud movement—from sky images, they struggle to establish a stable mapping 
between visual states and absolute irradiance levels when relying solely on image information. As a 
result, their forecasts are susceptible to variations in the Sun’s position and image quality. 
Experimental results indicate that visual features alone cannot fully address the irradiance forecasting 
problem. Images primarily describe the current state of the sky but lack constraints from the historical 
evolution of irradiance and patterns of solar motion, potentially leading to inconsistencies between 
visual states and actual irradiance responses. The proposed model integrates the historical physical 
patterns provided by the numerical modality with the prior information on future changes provided 
by the image modality. This transforms the forecasting process from simple state matching into 
comprehensive modeling of irradiance variation mechanisms, thereby effectively reducing the 
forecasting bias caused by a single visual representation. 

(3) The state-aware adaptive fusion mechanism proposed in this paper effectively overcomes the 
limitation of traditional fusion mechanisms in responding to changes in modality reliability. Existing 
multimodal methods typically employ feature concatenation, fixed-weight fusion, or shallow 
interaction approaches. Although these methods can simultaneously utilize information from multiple 
sources, they assume that the relative importance of different modalities remains fixed across weather 



conditions, making it difficult to adapt to dynamic changes in modality reliability during actual 
forecasting. Simple fusion methods struggle to fully exploit the coupling relationships between 
modalities, whereas an effective cross-modal interaction mechanism is essential for improving 
forecasting performance. The proposed TSGAN further transforms the fusion process into a state-
driven information-filtering process, enabling the model to dynamically adjust the contributions of 
the numerical and image modalities based on current irradiance changes. Under clear-sky or stable 
conditions, the model can make greater use of continuity information from historical time series, 
whereas under rapidly changing cloud cover or local shading conditions, it enhances the contribution 
of visual information, thereby reducing the information bias caused by fixed fusion strategies. 
Experimental results show that, compared with other multimodal fusion methods, the proposed 
method maintains lower error levels across all four quarters and different forecasting horizons while 
exhibiting narrower error ranges, indicating that this mechanism not only improves forecasting 
accuracy but also enhances cross-scenario stability. 

The TSGAN proposed in this paper offers a forecasting approach that shifts from “information 
superposition” to “state selection” for the collaborative modeling of ground-based sky images and 
historical numerical time series. It can provide more timely irradiance information for photovoltaic 
power smoothing, energy-storage control, and short-term grid dispatch. The current findings remain 
limited by the scope of the data and the forecasting horizons. Future research could incorporate 
continuous cloud-motion characterization and satellite or infrared imagery and evaluate the model’s 
applicability under distribution shifts and uncertainty quantification through cross-site validation and 
probabilistic interval forecasting. 
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