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ABSTRACT: The increasing penetration of renewable resources in smart energy systems has increased 
the need for accurate forecasting of photovoltaic (PV) power to reduce uncertainty and improve operational 
planning. Rapid changes in atmospheric conditions, especially cloud movement, cause severe fluctuations 
and pose a significant challenge to PV power forecasting in the short term. In this paper, an integrated Deep 
Learning-based framework for short-term PV power forecasting is proposed that models the relationships 
among sky conditions, solar irradiance, and PV power. First, the cloud movement is forecasted based on 
the Optical Flow algorithm using sky images. Then, the forecasted images are fed into a ResNet50 network 
to estimate the solar irradiance. Finally, the forecasted solar irradiance, meteorological parameters, and 
historical PV power data are fed into the CNN-BiGRU-Attention model, whose hyperparameters are 
optimized using Bayesian Optimization to forecast the PV power for the next hour. The performance of the 
proposed model was evaluated under different atmospheric conditions and compared with other benchmark 
models. The results showed that the proposed model achieves high forecasting accuracy, obtaining a 𝑅ଶ of 
0.987 and RMSE, MAE, and MAPE error values of 0.231 Kw, 0.147 Kw, and 8.69%, respectively, and 
outperforming benchmark models. 

Keywords: Photovoltaic power forecasting; Deep learning; Gated recurrent units; Convolutional neural 
network; Solar irradiance forecasting; Sky images 
 

1. Introduction 

The increasing global energy demand and environmental consequences of fossil fuel consumption have 
increased the attention to renewable energy sources, especially solar energy. However, the intermittent and 
unstable nature of PV power due to solar irradiance variations makes accurate forecasting of its generation 
essential to reduce uncertainty, increase grid reliability, and optimize energy system management. 
Therefore, in order to investigate the performance and feasibility of these systems, a grid-connected rooftop 
PV system was designed and simulated on the rooftop of the University of Guilan, Iran [1,2]. 
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1.1. Forecasting Cloud Motion Using Sky Images 

Analyzing sequential sky images enables the forecasting of cloud movement and shape, enhancing the 
precision of short-term solar irradiance forecasting [3]. Traditional Cloud Movement Vector (CMV) 
methods for 1 to 5-h solar irradiance forecasting estimate the movement and dynamics of clouds by 
analyzing the sequence of satellite images and making forecasts accordingly. But due to the low spatial 
resolution of these images, the accuracy of the model decreases in rapid atmospheric changes, and CMV 
faces a challenge in adapting to the fast and nonlinear dynamics of clouds [4,5]. 

Compared to satellite images, ground-based images provide high-resolution, real-time data on cloud 
structures. This makes them more suitable for hourly PV power forecasts than satellite images, as they are 
more sensitive to local radiation changes [6–9]. Recent research has increasingly integrated Deep Learning 
(DL) and machine vision models to overcome the limitations of CMV. For instance, in [9], the ConvLSTM 
and TrajGRU architectures were found to enhance short-term forecasting by capturing spatiotemporal 
dependencies of cloud motion. Also, in [10], unsupervised learning combined with the Lucas–Kanade 
algorithm has been utilized to extract motion vectors with minimal human labeling. In [11], cloud optical 
thickness (COT) from multispectral images was used in conjunction with Optical Flow to track cloud 
masses. In [12], the Lucas–Kanade method was utilized to track cloud motion, even in various atmospheric 
conditions. Expanding on this, Ref. [13] demonstrated a significant advancement in detecting thin and 
translucent clouds by utilizing a clear sky library and a two-stage segmentation approach. Although most 
previous studies have demonstrated the effectiveness of cloud motion tracking methods, limited attention 
has been paid to utilizing forecasted cloud motion for short-term solar irradiance and PV power forecasting. 

1.2. Solar Irradiance Forecasting 

New (Machine Learning) ML and DL methods using satellite and sky images have offered innovative 
solutions for short-term solar irradiance forecasting by capturing cloud motion and spatiotemporal 
atmospheric patterns [14,15]. In [16,17], short-term solar irradiance was estimated using features extracted 
from sky images through CNN-based neural networks. 

Recent models have focused on learning spatial-temporal dependencies of cloud and irradiance data. 
In this regard, combining CNN with recurrent architectures such as CNN-LSTM [18], has shown promising 
performance in short-term solar irradiance forecasting by capturing both spatial and temporal features. In 
[19], BiLSTM-BiGRU and CNN-LSTM models were used to forecast irradiance in Quetta, Pakistan. Also, 
the use of attention and Seq2Seq structures, such as the attention-sequence-to-sequence CNN model [20], 
has further improved the accuracy of the models. 

In [21], the use of PredRNN++ and indicators like SBI demonstrated more accurate performance in 
forecasting GHI, DHI, and DNI at a 10-min horizon. Additionally, Ref. [22] introduced an ATT-CNN 
model that incorporated an attention mechanism into convolutional channels to emphasize important image 
regions and improve forecasting accuracy. 

A group of studies has used cloud motion vector extraction, estimating cloud movement through 
methods such as Optical Flow, as an intermediate step for solar irradiance forecasting using ML or LSTM 
models, particularly for very short-term forecasting [23]. Existing studies mainly focus on direct irradiance 
forecasting from sky images or meteorological data, whereas the causal relationships among cloud 
dynamics, solar irradiance, and PV power have not been comprehensively modeled within an integrated 
DL framework. 

1.3. PV Power Forecasting 

Statistical models like AR, ARIMA, and SARIMA were first used to analyze PV power time series, 
proving effective for multi-hour and daily forecasts [24]. Also, other methods have used meteorological 
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parameters such as temperature and solar irradiance, employing the copula technique and Monte Carlo 
methods to forecast PV power [25]. 

Statistical models were acceptable for short-term forecasts but were unable to extract complex features 
of long time series. These limitations prompted the introduction of ML algorithms that improved PV power 
forecasting by modeling nonlinear relationships and handling large datasets. In [26], a model using a 
Kohonen self-organizing map (SOM), a feedforward neural network (FFNN), and K-nearest neighbor 
(KNN) algorithms for PV power forecasting is proposed. 

A hybrid model combining variational mode decomposition (VMD) and extreme learning machine (ELM) 
was introduced for short-term PV power forecasting [27]. In [28], a hybrid MLP-FGWO-PSO approach is 
presented for PV power forecasting. This model modifies the Gray Wolf Optimization (GWO) technique and 
integrates it with Particle Swarm Optimization (PSO) and a Multilayer Perceptron (MLP) model. 

The emergence of DL with its ability to automatically extract features and model complex nonlinear 
relationships was a turning point in PV power forecasting [29]. CNNs have been used to identify spatial 
patterns of radiation and the influence of meteorological parameters [30], and to combine them with wavelet 
transform (WT) [31] or variable mode decomposition (VMD) [32] for hourly PV power forecasting. 

Recurrent neural networks (RNNs) such as LSTM are well suited for PV power forecasting due to their 
ability to understand temporal dependencies [33,34]. In various studies, hybrid models using methods such 
as wavelet packet decomposition (WPD) and LSTM [35], or the TFC-RIME-LSTM model, which exploits 
total factor (TFC) features and generates similar uncertainty scenarios, have been proposed to improve the 
accuracy and reduce the complexity of PV power forecasting [36]. The LSTM disregards details from both 
the past and the future in time series forecasting. In order to address this issue, BiLSTM have been 
developed. The DAFA-BiLSTM [37], which incorporates deep autoregression for more accurate PV power 
forecasting. Also, the SSA-BO-BiLSTM model [38] improves PV power forecasting by decomposing the 
time series using Singular Spectrum Analysis (SSA) and using Bayesian optimization (BO) to optimize the 
hyperparameters of the BiLSTM. 

Hybrid models based on CNN-LSTM and ConvLSTM have improved the forecast accuracy, especially 
in variable weather conditions, by simultaneously extracting spatial and temporal features [35,39]. 
Subsequently, more advanced models, such as the combination of GNN and BiLSTM, have been developed 
to model spatial dependencies between power plants and satellite images of clouds [40]. In [41], a short-
term PV power forecasting method based on improved CNN-LSTM and cascade learning was presented, 
in which six effective meteorological features were selected. 

GRU is a simplified version of LSTM with faster performance. In [42], a two-stage GRU-Informer and 
SVR model is proposed for PV power forecasting, considering weather feature screening by XGBoost and 
weather triple clustering by K-means. The PV power forecasting model combines ET-EEMD and GRU by 
extracting visual sky features, applying LAB color quantification, using K-means clustering, and selecting 
effective variables via GRA and PCA, thereby increasing accuracy [43]. In [44], an ultra-short-term PV 
power forecasting method for single-axis trackers is presented using a radiation transform and a CNN-
BiGRU hybrid model, in which atmospheric conditions are classified with FCM, and a model is trained to 
suit each situation. 

The use of sky imagery in short-term forecasting of PV power has been expanded. In [45,46], sky 
images were used to forecast PV Power using neural networks. In [47], a new DL model for forecasting PV 
power using sky images was presented. This model connects DL to the physical processes of PVs by 
introducing the Radiant Transmission Index (RTI) to measure the effects of clouds on solar irradiance. In 
a study [48], Gaussian mixture probability hypothesis density (GM-PHD)-based a random hypersurface 
model (RHM) model was used to forecast the movement and time of cloud-sun collision, and the ARIMA 
and backpropagation (BP) models were used to forecast the PV power. 
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In [49], a model called SkyNet was proposed, which is an integrated DL architecture for multimodal 
intra-hourly solar forecasting based on sky images. It can simultaneously perform time, probabilistic, and 
spatial series forecasts. 

In [50], a framework for deterministic and probabilistic PV power forecasting is presented based on 
the weather regime. First, the sky images are divided into three regimes: sunny, cloudy, and completely 
cloudy, and cloud cover prediction using the condensed light flux is enabled only in cloudy conditions. 
Then, the WRF model meteorological data and historical power are fed into a four-stage DL based on 
quantile regression (QR) to produce point forecasts and calibrated confidence intervals. However, the main 
focus of this study is on classifying the climate regime and predicting the cloud cover ratio as an auxiliary 
intermediate variable, rather than explicitly predicting the future sky image or directly extracting radiance 
from it. In [51], Sky-BiMamba was introduced as an efficient framework for PV power forecasting. This 
model integrates sky images and PV data in two stages using the Mamba architecture. Sky-BiMamba 
outperforms the baseline models by extracting cloud texture and motion features and incorporating a time-
aware intermodal attention mechanism. 

1.4. Limitations of Existing Models and Contributions of This Study 

Despite significant advances in PV power forecasting using ML and DL methods, several limitations 
remain in existing studies. Many studies rely on measured solar irradiance values, meteorological data. As 
a result, these methods may not accurately capture the effects of rapid changes in cloud movement and the 
spatiotemporal variability of solar irradiance, and may therefore fail to fully reflect their impact on PV 
system performance. 

Furthermore, although several studies have employed sky images to track cloud movement or directly 
forecast solar irradiance, integrated frameworks in which future sky conditions are first forecast, solar 
irradiance is then extracted from the forecast images, and the resulting forecast irradiance is finally used as 
an input to a PV power forecasting model have rarely been investigated [14–16,18–23,48]. 

Other studies have used cloud-cover classification as an auxiliary regime indicator [50]. Table 1 
summarizes the methodological approaches, key contributions, and limitations of existing studies. 

Table 1. Comparison of representative studies with the proposed framework. 

Literature 
Cloud Motion 
Forecasting 

Solar Irradiance 
Forecasting 

PV Power 
Forecasting

Integrated Causal 
Framework 

Main Methodological Contribution 

Ref. [18] - ✓ - - 
Hybrid DL for solar irradiance forecasting using 
sky images. 

Ref. [20] - ✓ - - 
Attention-fused Seq2Seq CNN for solar 
irradiance forecasting using sky images. 

Ref. [23] ✓ ✓ - - 
Optical-flow-based cloud-motion extraction for 
irradiance forecasting. 

Ref. [41] - - ✓ - 
CNN–LSTM combined with cascading learning 
and meteorological feature selection for PV 
power forecasting 

Ref. [44] - ✓ ✓ - 
Ultra-short-term PV forecasting using irradiance 
transformation, weather classification, and 
CNN–BiGRU. 

Ref. [48] ✓ - ✓ - 
GM-PHD-based RHM for cloud dynamics and 
collision prediction, followed by ARIMA–BP 
PV forecasting 

Ref. [49] - ✓ - - 
SkyNet for multimodal intra-hour solar 
forecasting using sky images 
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Ref. [50] - - ✓ - 
Regime-aware deterministic and probabilistic 
ultra-short-term PV forecasting using weather 
classification and dynamic cloud tracking 

Ref. [51] - - ✓ - 
Sky-BiMamba, a multimodal PV forecasting 
framework integrating sky images and PV data 
through time-aware intermodal attention 

Proposed 
Model 

✓ ✓ ✓ ✓ 

Three-stage causal framework integrating cloud-
motion prediction using Dense Optical Flow, 
ResNet50-based irradiance forecasting, and 
Bayesian-optimized CNN–BiGRU–Attention PV 
forecasting. 

The main innovation of the proposed framework lies in establishing an explicit causal chain between 
future sky conditions, forecasted solar irradiance, and PV power. Unlike approaches that use measured 
irradiance directly as input to the power forecasting model, in this framework, the future sky state and cloud 
movement over the short-term horizon are first forecast; then, the solar irradiance corresponding to the 
forecasted sky images is estimated; and finally, this forecasted irradiance is transferred to the PV power 
forecasting stage along with other meteorological variables and historical power information. In this way, 
the effects of cloud dynamics and movement are taken into account in the forecasting process before they 
are reflected in changes in measured irradiance and, subsequently, PV power. In other words, by directly 
linking sky image information to irradiance forecasting and then to power forecasting, this framework 
creates an integrated and causal forecasting pathway that simultaneously considers spatial and temporal 
information related to cloud changes. 

In the first step, short-term cloud movement and displacement are forecast using the Dense Optical 
Flow algorithm to generate future sky images. In the second step, the forecasted sky images are fed into a 
ResNet50 to forecast the solar irradiance. In the third step, the forecasted solar irradiance, along with other 
meteorological variables and historical PV power values, is fed into a CNN–BiGRU-Attention model to 
forecast PV power one hour ahead. In addition, to increase forecasting accuracy and improve model tuning, 
an Attention Mechanism is used to focus on temporal information and relevant features, while Bayesian 
Optimization is employed to optimize the model hyperparameters. Accordingly, the most important 
achievements and innovations of this research in addressing the existing gaps in the field of short-term PV 
power forecasting are summarized as follows: 

(1) A novel three-step framework for PV power forecasting is designed by combining sky image data and 
meteorological data. First, the movement and direction of clouds are modeled; then solar irradiance is 
forecast based on the resulting images; and finally, PV power for the next hour is estimated using a 
CNN–BiGRU hybrid model. 

(2) By integrating the attention mechanism and Bayesian optimization to adjust hyperparameters, 
forecasting accuracy is improved, overfitting is prevented, and model stability is improved in variable 
climate conditions. 

(3) The CNN-BiGRU architecture simultaneously extracts spatial and temporal features and models the 
long-term dependencies of time series data in two directions. It represents the nonlinear and oscillatory 
behavior of PV power more accurately. 

The rest of this paper is organized as follows: In Section 2, a brief explanation of the proposed model 
framework and the method used to tune its hyperparameters is provided. This section also reviews the 
overall architecture of the system and explains the theoretical foundations of its key components, including 
ResNet50, the dense optical flow algorithm, BiGRU, the attention mechanism, and the BO method. In 
Section 3, the overall simulation process is described, including data collection, preprocessing of sky 
images, preparation of numerical datasets, outlier identification, and analysis of correlations between 
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meteorological variables and PV power. In Section 4, the structure of the proposed model is explained in 
detail. In Section 5, the performance of the model under different atmospheric conditions is examined, and 
its results are compared with benchmark models based on the statistical criteria R2, RMSE, MAE, and 
MAPE. In the final section, a summary of the research results is presented, which includes a summary of 
the most important achievements and references to suggested directions for future research. 

2. Proposed Methodology 

This section presents a detailed description of the PV power forecasting method based on the proposed 
model. First, we provide an overview of the system architecture. Then we describe the theoretical 
foundations and give a brief overview of its components, including ResNet50, the Dense Optical Flow 
algorithm, BiGRU, attention mechanisms, and Bayesian optimization. 

2.1. System Architecture 

In this study, a three-stage framework for short-term PV power forecasting is presented, as shown in Figure 
1 . The first stage is dedicated to cloud motion modeling. In this stage, raw sky images are prepared through 
preprocessing, including noise removal and contrast enhancement in bright areas, to improve cloud resolution. 

Then, the Farneback Dense Optical Flow algorithm is used to estimate the motion vector field between 
consecutive frames. This motion field represents cloud displacement and is used to forecast spatial changes 
in the next time step. Based on the motion pattern obtained from the consecutive frames, the future sky 
image is estimated based on motion information. This output is used as input to the next stage to forecast 
solar irradiance. 

In the second stage, the ResNet50 is used to forecast solar irradiance using sky images. This network 
forecasts solar irradiance by extracting cloud features from forecast images. It should be noted that the 
cloud motion modeling and solar irradiance forecasting section in this study is based on the approach 
presented in Ref. [23]. However, in the present model, improved preprocessing methods for sky images are 
used, including enhancement of cloud contrast and color normalization based on spectral features. These 
improvements enhance feature extraction quality and forecasting performance. 

In the third step, the output of the previous step, which includes the solar irradiance forecast, is fed to 
the CNN–BiGRU hybrid model, along with other meteorological variables, to forecast PV power. In this 
model, CNN extracts and compresses the spatial features of the input data, while BiGRU uses two-way 
temporal dependencies to consider past and future data. The attention mechanism also dynamically weights 
the inputs, highlighting important information and preventing the influence of noise and irrelevant data, 
which ultimately improves the accuracy, stability, and convergence speed of the model. BO is used to 
determine the optimal configuration of the hyperparameters. 
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Figure 1. Graphical representation of the overall structure of the fundamental aspects and main content of the study. 

2.2. Components of the Proposed Model 

2.2.1. Dense Optical Flow Algorithm 

The optical flow algorithm estimates pixel motion and the apparent displacement of objects between 
successive images. The sequence of images enables the forecasting of object movements at future time 
steps. Optical flow methods attempt to calculate the movement (velocity) between two frames of images 
taken at times 𝑡 and 𝑡 ൅ ∆𝑡. These methods are often based on the assumption of brightness constancy, 
meaning the intensity of a point in the image does not change as it moves. Under this assumption, if a point 
at position ሺ𝑥,𝑦ሻ in the image at time t with intensity 𝐼ሺ𝑥, 𝑦, 𝑡ሻ moves to a new position (𝑥 ൅ ∆𝑥,𝑦 ൅ ∆𝑦ሻ 
at time 𝑡 ൅ ∆𝑡, then the new position of the image is according to Equation (1): 

𝐼ሺ𝑥,𝑦, 𝑡ሻ ൌ 𝐼ሺ𝑥 ൅ ∆𝑥,𝑦 ൅ ∆𝑦, 𝑡 ൅ ∆𝑡ሻ (1)

Assuming small displacements ሺ∆𝑥,∆𝑦,∆𝑡ሻ, the intensity at the new position can be expanded using a 
first-order Taylor series approximation around the original position ሺ𝑥,𝑦, 𝑡ሻ as obtain Equation (2): 

𝐼ሺ𝑥 ൅ ∆𝑥, 𝑦 ൅ ∆𝑦, 𝑡 ൅ ∆𝑡ሻ ൎ 𝐼ሺ𝑥, 𝑦, 𝑡ሻ ൅
𝜕𝐼
𝜕𝑥

∆𝑥 ൅
𝜕𝐼
𝜕𝑦

∆𝑦 ൅
𝜕𝐼
𝜕𝑡
∆𝑡 (2)

Combining this with the brightness constancy assumption (Equation (2)), Equation (3) can be calculated: 

𝐼ሺ𝑥, 𝑦, 𝑡ሻ ൌ 𝐼ሺ𝑥, 𝑦, 𝑡ሻ ൅
𝜕𝐼
𝜕𝑥

∆𝑥 ൅
𝜕𝐼
𝜕𝑦

∆𝑦 ൅
𝜕𝐼
𝜕𝑡
∆𝑡 (3)

This can be simplified to the optical flow constraint Equation (4): 

𝜕𝐼
𝜕𝑥

∆𝑥 ൅
𝜕𝐼
𝜕𝑦

∆𝑦 ൅
𝜕𝐼
𝜕𝑡
∆𝑡 ൌ 0 (4)
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Dividing by ∆𝑡 (assuming ∆𝑡 ് 0) and considering that as ∆𝑡 → 0, ∆௫

∆௧
→ ௗ௫

ௗ௧
 = 𝑣௫ and 

∆௬

∆௧
→ ௗ௬

ௗ௧
 = 

𝑣௬, where 𝑣௫ and 𝑣௬ are the components of the velocity vector in the 𝑥 and 𝑦 directions, respectively, 
can be obtained by Equation (5): 

𝜕𝐼
𝜕𝑥

𝑣௫ ൅
𝜕𝐼
𝜕𝑦

𝑣௬ ൅
𝜕𝐼
𝜕𝑡

ൌ 0 (5)

This is a basic formula for optic flow. In this equation, 𝑣௫ and 𝑣௬ represent the velocity components 

of the luminous flux at the point ሺ𝑥,𝑦, 𝑡ሻ, and (
డூ

డ௑
, డூ
డ௬

, డூ
డ௧

) are the partial derivatives of the image intensity 

with respect to the spatial coordinates ሺ𝑥, 𝑦ሻ and time ሺ𝑡ሻ. These derivatives represent the image gradients 
in the corresponding directions [52]. 

To solve the optical flow constraint Equation (6) in practice, a dense optical flow approach proposed 
by Gunnar Farnebäck is employed. Unlike sparse methods that estimate motion only at selected feature 
points, Farnebäck’s method computes motion vectors for all pixels in the image by modeling local 
neighborhoods with quadratic polynomial expansions. In this approach, the intensity function in a local 
window around each pixel is approximated as: 

𝐼ሺ𝑥,𝑦ሻ ൎ 𝑋்𝐴𝑋 ൅ 𝑏்𝑋 ൅ 𝑐 (6)

where 𝑋 ൌ ሾ𝑥,𝑦ሿ், 𝐴 is a symmetric matrix describing the local curvature of the intensity surface, 𝑏 is a 
vector representing the linear component, and 𝑐  is a constant term. Assuming that the local intensity 
structure undergoes a displacement ሺ𝑑௫,𝑑௬ሻ between two consecutive frames, the relationship between the 
polynomial representations at time 𝑡 and 𝑡 ൅ ∆𝑡 can be expressed as: 

𝐼௧ା∆௧ሺ𝑥,𝑦ሻ ൎ 𝐼௧ሺ𝑥 െ 𝑑𝑥,𝑦 െ 𝑑𝑦ሻ (7)

The displacement vector ሺ𝑑௫,𝑑௬ሻ  is then estimated by minimizing the difference between the 
polynomial approximations of the two frames, typically in a least-squares sense over a local neighborhood. 
This results in a dense motion field that provides a robust estimation of optical flow, even in regions with 
smooth intensity variations. 

Thus, the Farnebäck method provides an efficient numerical solution to the optical flow estimation 
problem defined in Equation (7), enabling the computation of dense velocity fields ሺ𝑣௫, 𝑣௬ሻ across the 
entire image. 

In this study, the Farneback Dense Optical Flow algorithm was implemented using OpenCV’s 
calcOpticalFlowFarneback function with the following parameter settings: pyramid scale factor = 0.5, 
number of pyramid levels = 5, averaging window size = 21, number of iterations at each pyramid level = 
10, size of the pixel neighborhood used for polynomial expansion = 7, and standard deviation of the 
Gaussian used to smooth derivatives = 1.5. 

2.2.2. ResNet50 

To effectively capture spatial environmental factors affecting PV power, CNNs were introduced by 
LeCun et al. [53]. However, training deeper CNN architectures often encounters challenges such as 
vanishing or exploding gradients. To address these issues, ResNet was proposed in 2015, incorporating skip 
connections or residual blocks that enable direct signal flow to deeper layers, thereby facilitating the 
training of substantially deeper networks for complex PV forecasting tasks [54]. 

In this paper, the ResNet50 network is used to forecast solar radiation for 1-h ahead. Although the 
ResNet50 architecture is typically known for its success in classification tasks, its use in this regression 
problem of solar irradiance forecasting requires specific structural adjustments, as illustrated in Figure 2. 
The specifics of the design and operation of each layer in this network are outlined below: 
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 Convolutional Layer: This initial layer uses 64 filters of size 7 × 7 with a stride 2 to extract local 
nonlinear features while reducing spatial dimensions and computational cost. 

 Batch Normalization Layer: This layer is employed to enhance stability and accelerate training by 
normalizing layer activations, ensuring consistent learning rates and quicker convergence. 

 Activation Function Layer: The Rectified Linear Unit (ReLU) activation function is chosen for its 
computational simplicity and prevention of vanishing gradients. Since the aim of this study is to 
forecast solar irradiance, and the output should consist of real, non-negative values, employing a 
function that sets negative values to zero aligns with the nature of the problem. Potential ‘Dying ReLU’ 
issues are mitigated through careful learning rate adjustment, and batch normalization enhances the 
efficiency and stability of the learning. Specifically, the Dying ReLU problem occurs when the pre-
activation input of a neuron consistently becomes negative, causing its output and corresponding 
gradient to remain zero, thereby preventing weight updates during backpropagation. In this study, 
Batch Normalization layers play a central role in mitigating this risk by stabilizing the distribution of 
inputs to each activation function and reducing the likelihood that pre-activation values remain 
systematically negative. Furthermore, the warm-up and cosine-decay learning rate scheduling 
strategies generally contribute to the stability of the training process, which can indirectly diminish the 
risk of neuron deactivation as well. 

 Max Pooling Layer: This layer is used to reduce the spatial dimensions (width and height) of the 
features extracted by the previous layers. A Max Pooling layer with dimensions 3 × 3 and step 2 is 
implemented at this stage, which reduces the spatial dimensions, reduces computational complexity, 
and improves the robustness to spatial variations, thereby helping to reduce overfitting. The feature 
maps obtained from this layer are passed to the following convolution blocks in the network. 

ResNet50 leverages residual blocks, incorporating Skip Connections (also known as Identity Mapping), 
to address performance degradation in deep networks. These connections are crucial for efficient gradient 
propagation and successful training of deeper architectures. ResNet50 implements residual blocks as 
“Bottleneck Blocks”, each consisting of three convolutional layers: 

 1 × 1 Convolution Layer for channel reduction 
 3 × 3 Convolution Layer for feature extraction 
 1 × 1 Convolution Layer (Dimension Restoration): Another 1 × 1 convolutional layer to restore the 

number of channels to their original or desired state. 

In ResNet50, operations that reduce spatial dimensions (height and width) and increase the number of 
channels occur sequentially across different stages of the network. These changes typically occur at the 
beginning of each new stage via a convolution with a stride of 2, thereby halving the spatial dimensions 
and often doubling the number of channels, to maintain the network’s capacity to learn more complex 
features. The ResNet50 structure is composed of four main stages of residual blocks in addition to its initial 
layers, culminating in a total of 50 layers with trainable weights: 

 Initial Layer: 7 × 7 convolution with 64 filters followed by Batch Normalization and ReLU. 
 Stage 1: 3 bottleneck blocks (64, 64, 256), totaling 9 convolutional layers. 
 Stage 2: 4 bottleneck blocks (128, 128, 512), totaling 12 convolutional layers. 
 Stage 3: 6 bottleneck blocks (256, 256, 1024), totaling 18 convolutional layers. 
 Stage 4: 3 bottleneck blocks (512, 512, 2048), totaling 9 convolutional layers. 

For regression, the final classification head is replaced with an Average Pooling layer followed by a 
Fully Connected layer with one neuron and linear activation to produce continuous solar irradiance 
forecating [54]. 
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Figure 2. Overview of the ResNet50 model architecture. 

ResNet50 Implementation and Training Configuration 

The ResNet50 architecture was optimized using AdamW with a weight decay of 1 ൈ 10ିସ. A warm-up 
followed by a cosine-decay learning-rate schedule was employed, with an initial learning rate of 1 ൈ 10ିଷ, 
a minimum learning rate of 1 ൈ 10ି଺, and a 5-epoch warm-up period. Huber loss (𝛿 ൌ 1) was used as the 
loss function, selected over standard MSE due to its robustness to outliers commonly present in solar 
irradiance data caused by abrupt cloud movement, while MAE and RMSE were monitored during training. 

The model was trained for a maximum of 100 epochs with a batch size of 16. Early stopping was 
applied based on validation loss with a patience of 15 epochs, and the weights corresponding to the best 
validation performance were restored. 

2.2.3. Bidirectional Gated Recurrent Unit (BiGRU) 

RNNs process time series datasets, they face challenges with vanishing or exploding gradients. LSTM 
[55] and GRU [56] are types of RNNs that solve this problem. LSTMs use three gates to control the flow 
of information. A simpler alternative to LSTMs, GRUs have fewer parameters, enabling more efficient 
computation and faster training. The GRU has two gates; the update gate, which determines how much new 
information to keep, and the reset gate, which decides how much old information to discard. 

The GRU only extracts information in one direction, while the bidirectional GRU processes data in 
both forward and backward directions and extracts more complete information from the time series. 

2.2.4. Attention Mechanism 

Attention mechanisms enhance the accuracy of neural networks by enabling them to selectively weight 
and focus on crucial parts of the input data [57]. The CNN-BiGRU model, utilizing the self-attention 
mechanism, dynamically determines the importance of different parts of the sequence while extracting 
spatial features with the CNN and temporal dependencies with the BiGRU. By focusing on relevant 
information and modeling long-term dependencies, this mechanism reduces the limitation of fixed-length 
context vectors in traditional encoder-decoder architectures and can lead to improved information 
extraction and forecasting accuracy. 

The combined feature vector generated by CNN and BiGRU layers is fed into the self-attention 
mechanism. The output of the CNN-BiGRU hidden layer can be denoted as H = {ℎଵ,ℎଶ, . . ,ℎ௧ሽ, where each 
ℎ௜ is a vector of dimension. This vector is nonlinearly transformed to obtain a set of raw attention scores 
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𝐸 ൌ ሾ𝑒ଵ, 𝑒ଶ, 𝑒ଷ, … , 𝑒௡ሿ, where each 𝑒௜ represents the relevance of ℎ௜ to other hidden states within the same 
sequence. 

The CNN layers capture local patterns from both the PV power time series and environmental inputs, 
while the BiGRU layers model long-range temporal dependencies. As a result, each hidden state ℎ௜ encodes 
rich contextual information that reflects both temporal and environmental influences. The self-attention 
mechanism then assigns adaptive weights to these hidden states, allowing the model to focus on the most 
informative time steps for accurate forecasting. To achieve this, the self-attention mechanism is used to 
generate an attention weight vector  ሾ𝛼ଵ,𝛼ଶ,𝛼ଷ, … ,𝛼௡ሿ , which helps determine the significance of each 
intermediate state in the forecasting process [57]. The detailed formula is given as Equations (8) and (10): 

𝑒௜ ൌ tanhሺ𝑤௛ℎ௜ ൅ 𝑏௛ሻ , 𝑒௜ ϵ ሾെ1, 1ሿ (8)

𝛼௜ ൌ
exp ሺ𝑒௜ሻ

∑ exp ሺ𝑒௜௧
௜ୀଵ ሻ

,෍ 𝛼௜
௧

௜ୀଵ
ൌ 1 (9)

where 𝑤௛ is the weight matrix of ℎ௜, and 𝑏௛ is the bias. The attention vector 𝐻ᇱ = {ℎᇱଵ,ℎᇱଶ, . . . ,ℎ௧ᇱሽ can 
be can be calculated by multiplying attention weight 𝛼௜ and ℎ௜. 

ℎ௜
ᇱ ൌ 𝛼௜ ൉ ℎ௜ (10)

The resulting attention-weighted vectors, 𝐻ᇱ  = {ℎᇱଵ, ℎᇱଶ, . . . , ℎ௧ᇱሽ, are aggregated typically through 
summation or averaging to form a fixed-size context vector emphasizing the most relevant information in 
the input. This context vector is then passed to a fully connected forecasting layer (Dense layer) to generate 
the final PV power forecast. 

2.2.5. Bayesian Optimization 

BO was used to determine the optimal hyperparameter values. BO is particularly suitable for black-
box objective functions and high-dimensional hyperparameter spaces, as it balances exploration and 
exploitation by modeling the relationship between hyperparameters and model performance. BO is a 
sequential optimization method that starts with a surrogate model of the objective function and iteratively 
updates it using new evaluation points to identify the best hyperparameter settings [58]. 

For optimization, a Gaussian Process (GP) was used as a surrogate model to estimate the relationship 
between the CNN-BiGRU model’s hyperparameters and the validation error. The Expected Improvement 
(EI) acquisition function was used to select the next configuration; this function balances the selection of 
configurations with low error (exploitation) against the exploration of less-tested points in the search space 
(exploration). At each iteration, the surrogate model was updated with the new result, and the next 
configuration was selected accordingly. 

The evaluation criterion was the validation RMSE, and to avoid information leakage, the test data were not 
used at this step. The process started with 10 initial random configurations and then continued for another 30 
Bayesian-guided evaluations (up to 40 configurations in total). Each configuration was trained for a maximum 
of 100 epochs, with early stopping applied after 10 epochs without improvement to prevent overfitting. 

Furthermore, if the best RMSE did not improve by at least 0.0001 over 10 consecutive evaluations, the 
process was stopped early. The entire search took 2595 s, and in the end, the configuration with the lowest 
validation RMSE was selected to train the final model. The BO algorithm settings used for the proposed 
CNN-BiGRU model are summarized in Table 2. 
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Table 2. Settings used for the BO of the model. 

Component Setting 
Acquisition function Expected Improvement (EI), based on a Gaussian Process (GP) surrogate model 

Optimization iterations 
10 initial (random) evaluations + up to 30 additional Bayesian-guided evaluations, for a maximum 
total of 40 configurations 

Stopping criteria 
Terminated upon reaching (i) the maximum of 40 evaluations, or (ii) no improvement ൒ 10⁻⁴ in 
validation RMSE over 10 consecutive evaluations, whichever occurred first 

Computational budget NVIDIA Tesla T4 GPU (Google Colab); total wall-clock time 2595 s 

3. The Architecture of the Proposed Model 

CNN-BiGRU 

The proposed model consists of CNN and BiGRU based on a self-attention mechanism. It is used to 
forecast PV power for 1-h ahead. This model processes the input data in three stages: First, a two-layer 1D-
CNN extracts spatial features from the sequential PV power data. Next, a two-layer BiGRU processes the 
output to capture temporal dependencies. After the BiGRU layer, a self-attention mechanism is integrated. 
BiGRU neural networks are well-suited for accurate, high-resolution PV power forecasting because they 
can process sequential data while maintaining long-term dependencies. The mechanism assigns weights to 
different time stamps, emphasizing the most relevant parts of the input sequence and providing more 
accurate forecasting. The final multi-step output is generated by a fully connected (FC). The overall model 
design integrates spatial and temporal information processing to deliver a high-resolution, day-ahead PV 
power forecast. BO was used to select the optimal values, including the number of CNN filters, CNN kernel 
size, BiGRU units, dropout rate, and batch size from the search space shown in Table 3 to construct the 
proposed model. The description of each layer of the model is provided in the following explanation: 

(1) Input layer: The dataset contains five additional features. Four of these input variables are weather 
parameters such as temperature, humidity, wind speed, and solar irradiance forecasted. The fifth variable 
is the corresponding PV power. After pre-processing, they are used as input for the forecast model and 
then fed into the CNN layer. To prepare the input data for the proposed model, a sliding window approach 
with a fixed length of 24 h was employed. In this scheme, at each time step t, the input vector fed to the 
model consists of the values of five variables solar irradiance ሺ𝐺ሻ, wind speed ሺ𝑊ሻ, humidity ሺ𝐻ሻ, 
temperature ሺ𝑇ሻ, and PV power ሺ𝑃ሻ corresponding to the past 24 h from 𝑡 െ 24 to 𝑡 െ 1. These values 
are arranged as a two-dimensional matrix (number of features × window length) and passed to the CNN 
layer. The corresponding output of this window is the forecasted PV power for the next hour, 𝑃෠௧. This 
procedure is repeated sequentially across the entire test period, generating a one-step-ahead forecast at 
each iteration (𝑃෠௧ାଵ,𝑃෠௧ାଶ, … ,𝑃෠௧ା௞). Figure 3 illustrates this sliding window mechanism. 

(2) CNN layer: This model consists of two convolutional layers, two MaxPooling layers, and one Flatten 
layer. MaxPooling layers with a window size of 3 and the same padding are used to reduce the 
dimensions and number of parameters. The ReLU activation function is used in the convolutional 
layers. Finally, the extracted features after passing through the Flatten layer are sent as input to the 
BiGRU model. 

(3) BiGRU layer: Two BiGRU layers are utilized to extract temporal features. ReLU is applied as the 
activation function for these layers. The output of the last BiGRU is then passed on to the attention layer. 

(4) Attention layer: The network consists of two DL models that generate a combined feature vector. 
However, this combined vector contains redundant information, making the network computationally 
intensive and leading to poor convergence and limited performance. To address this issue, an attention 
layer is introduced. This layer improves convergence and boosts the performance of the model by 
filtering out unnecessary information and focusing on the key data. 
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(5) Dense layer: The optimal output of the attention layer is then fed into a fully connected layer, which 
consists of a single neuron in a dense layer. 

In this study, the Adam optimizer was used to train the model parameters, together with MSE as the 
loss function. Instead of a fixed learning rate, a two-stage step-based learning rate schedule was employed 
via a custom learning rate scheduler: the learning rate was set to 1 ൈ 10ିହ for the first 50 epochs and 
increased to 1 ൈ  10⁻⁴ for the remaining epochs. To avoid overfitting or underfitting, an early stopping 
strategy was implemented, monitoring the validation loss with a patience of 10 epochs; if no improvement 
was observed within this window, training was halted, and the weights corresponding to the best validation 
performance were restored. 

 

Figure 3. Schematic of sliding time window. 

Table 3. Using Bayesian Optimization to tune the hyperparameters of the proposed model. 

Type Filter Size Kernel Size Number of Units Best Hyperparameters 

1D-CNN [16, 256] [2, 10] - 
Filter Size = 210, 
Kernel Size = 3 

BiGRU - - [16, 100] Number of Units = 33 
Dropout rate - - [0.1, 0.5] Dropout rate = 0.28 
Batch size - - [16, 64] Batch Size = 32 

Epochs - - - Epochs = 100 

4. Overall Procedure of the Simulation 

The proposed hybrid model consists of five main steps: data collection and processing, cloud motion 
Forecasting with the Optical Flow algorithm, solar irradiance forecasting with ResNet50, and PV power 
forecasting with CNN-BiGRU. The proposed model was implemented in Python (version 3.9.11) using 
Keras (version 2.9.0) with TensorFlow (version 2.9.1) as the DL framework. Initial development and 
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debugging were performed on a local system running Windows 10 with a GeForce MX150 GPU. However, 
all final model training, hyperparameter optimization, and reported results were obtained using Google 
Colab with an NVIDIA Tesla T4 GPU. 

4.1. Data Collection 

The data for this study were obtained from the National Renewable Energy Laboratory (NREL) website 
and included sky images recorded by ground-based cameras, meteorological parameters (humidity, solar 
irradiance, wind speed, and temperature), and the PV power of a 10 MW system. Data from (1 January 
2017 to 31 December 2017) were used for training and validation, where the first two months of each season 
were considered as training data and the last month of each season as validation data. The dataset for 2018 
was reserved for testing. The 10-min data were resampled to hourly intervals to reduce computational load, 
and sky images and numerical data were preprocessed separately. A fixed random seed of 42 was used 
consistently across all stages of the framework. 

4.1.1. Preprocessing of Sky Images 

Image preprocessing was performed using the Pillow and OpenCV libraries in Python programming. 
Figure 4 shows the overall steps of this process. The first step involves resizing the original raw images, 
which are of 288 × 352 pixels, to 500 × 500 pixels. The next step is to eliminate irrelevant areas. In some 
images, areas outside the circular camera frame may show cloud-like colors. During training, these areas 
could be mistakenly identified as clouds. The next step is noise removal. 

Sky images contain noise, which reduces the accuracy of cloud motion forecasting using the dense 
optical flow algorithm. In this study, a combination of morphological operations and noise removal methods 
(such as fast averaging) is used to reduce noise. Contrast enhancement and brightening were used to 
highlight cloud structures and improve their tracking across successive frames. This preprocessing allowed 
the Optical Flow algorithm to extract cloud motion vectors more accurately. Finally, suitable preprocessed 
images are extracted as input to the dense optical flow algorithm for cloud motion tracking. 

 

Figure 4. Image preprocessing steps. 

4.1.2. Numerical Dataset and Preprocessing 

The dataset consists of historical meteorological parameters and PV power. The data were preprocessed 
using normalization, missing-value imputation, and outlier removal techniques. Table 4 shows the number 
of training, validation, and test samples after the final data preprocessing. 
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Data Normalization 

To enhance the effectiveness of the DL model, min-max normalization was implemented. The 
objective of this method is to convert the value of a characteristic into a range from 0 to 1 [59]. 

Missing Values 

Due to device errors, the PV power datasets contain missing values. To address this issue, the 
imputation technique of K-Nearest Neighbors (KNN) was applied. KNN identifies similar examples in the 
training dataset and averages their values to replace the missing data point. In this study, this technique is 
implemented in Python using the KNN imputation from the scikit-learn library, with the number of 
neighbors set to 3. 

Detection & Removal of Outliers 

Outliers are values that can indicate measurement errors or unusual patterns. Identifying, removing, or 
adjusting these data points is a crucial step in data preprocessing to avoid unbalanced and biased results in 
statistical analyses and modeling. In this paper, tools such as Pandas and Scikit-learn libraries, which 
provide powerful techniques in this field, have been used to identify and manage outliers. Additionally, the 
Z-score method has been used as an effective approach to detect such data. The Z-score method is based 
on the standard deviation and assumes that the data have an approximately normal distribution. In this study, 
the Z-score was used to detect outliers. The Z-score is a statistical tool that indicates how far a data point 
(𝑥௜) is from the mean (𝜇) of the data set in terms of the standard deviation (𝜎). For each data point (𝑥௜), the 
Z-score is calculated using Equation (11): 

𝑍௜ ൌ
ሺ𝑥௜ െ 𝜇ሻ

𝜎
 (11)

where 𝑥௜ is the individual data point, 𝜇 is the mean, and 𝜎 is the standard deviation of the dataset. To 
identify outliers, a threshold was defined based on the Z-score values. Data points with a Z-score above 
this threshold were classified as outliers. Specifically, in this study, a threshold of ±1.96 standard deviations 
from the mean was used. This criterion indicates that data points outside this range (in either direction) 
were flagged as potential outliers. In a standard normal distribution, about 5% of the data fall outside this 
range, which corresponds to a significance level of 0.05 in a two-tailed Z-test. The upper and lower 
threshold intervals for outlier identification are presented in Equations (12) and (13), respectively: 

𝜇 ൅ (1.96 ൈ 𝜎) (12)

𝜇 െ (1.96 ൈ  𝜎) (13)

Table 4. Total number of valid samples in each of the train, validation, and test. 

Split The Number of Datasets Time Window 
Training data 2932 1 January 2017 07:00:00 → 31 December 2017 19:00:00 

Validation data 1429 - 
Test data 4290 1 January 2018 08:00:00 → 31 December 2018 20:00:00 

4.1.3. Analaysing Correlations Between Meteorological Parameters and PV Power Output 

The three-dimensional plots in Figure 5 show the statistical analysis of the relationships between 
humidity, irradiance, temperature, wind speed, and the PV power. In all sub-figures, the x, y, and z axes 
represent environmental variables and the PV power. In Figure 5a, the highest PV power is generally 
observed under conditions of low humidity and moderate wind speed, indicating the nonlinear behavior of 
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the effect of wind speed on the system performance. Figure 5b shows that solar irradiance is the most 
important factor affecting the power, while humidity plays a secondary and condition-dependent role at 
high irradiance levels. In Figure 5c, an increase in temperature under high irradiance conditions leads to a 
decrease in PV power, while at low irradiance levels, the effect of temperature is less noticeable. Figure 5d 
shows that wind speed under high irradiance conditions can improve the system performance to some extent, 
which is probably due to the cooling effect of convective flow. In Figure 5e, the interaction between wind 
speed and temperature is observed, such that increasing wind speed can reduce the negative effect of high 
temperature to some extent. Figure 5f shows that the PV power is usually higher under low temperature 
and low humidity conditions, while the simultaneous increase of these two variables causes a decrease in 
the power. 

Table 5 shows the Pearson correlation coefficient and variance inflation factor (VIF) of each 
meteorological input feature and historical PV power. Solar irradiance has the highest linear correlation 
with PV power (r = 0.964). However, the VIF value calculated for solar irradiance (16.368), indicates the 
existence of significant multiple collinearity between this feature and other inputs, especially PV power. In 
contrast, temperature (VIF = 1.744), humidity (VIF = 1.511), and wind speed (VIF = 1.168) have low VIF 
values, indicating that these variables add relatively independent and non-additive information to the model 
and, despite a weaker linear correlation with PV power (r = 0.181, −0.195, and 0.325, respectively), play a 
complementary role in the forecasting process. To quantitatively assess the impact of this multicollinearity 
on forecasting performance, an ablation study was conducted in Section 5.4.2, in which the model’s 
accuracy was compared across configurations with and without the high-VIF feature. 

 

Figure 5. Statistical analysis of the impact of meteorological variables on PV power. (a) Power variations versus humidity and 
wind speed; (b) power variations versus humidity and irradiance; (c) power variations versus temperature and irradiance; (d) 
power variations versus wind speed and irradiance; (e) power variations versus wind speed and temperature; (f) power variations 
versus temperature and humidity. 
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Table 5. Pearson correlation with PV power and Variance Inflation Factor (VIF) of meteorological input features. 

Feature Correlation with PV Power (r) VIF 
Solar Irradiance 0.964 16.368 

Temperature 0.181 1.744 
Humidity −0.195 1.511 

Wind Speed 0.325 1.168 

5. Forecasting Results of the Proposed Model 

This section presents a comprehensive analysis of the simulation results obtained from the proposed 
model. The model consists of three stages. The first stage focuses on forecasting cloud tracking and 
displacement over a 1-h-ahead horizon using the Dense Optical Flow algorithm. The second stage employs 
the ResNet50 neural network to forecast solar irradiance. Finally, the third stage leverages a CNN-BiGRU-
Attention mechanism architecture to forecast the PV power. 

5.1. Performance Metrics 

The effectiveness of the proposed models is assessed using four standard forecasting metrics: Root Mean 
Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Coefficient 
of Determination (Rଶ). These evaluation metrics are mathematically expressed in Equations (14)–(17). 

MAE ൌ
1
𝑁
෍|𝑦௜ െ 𝑦ො௜|
ே

௜ୀଵ

 (14)

RMSE ൌ ඩ
1
𝑁
෍ሺ𝑦௜ െ 𝑦ො௜ሻଶ
ே

௜ୀଵ

 (15)

MAPE ൌ
100%
𝑁

෍
|𝑦ො௜ െ 𝑦௜|

𝑦௜

ே

௜ୀଵ

 (16)

𝑅ଶ ൌ 1 െ
∑ ሺ𝑦ො௜ െ 𝑦ത௜ሻଶ௜

∑ ሺ𝑦௜ െ 𝑦ത௜ሻଶ௜
 (17)

Computational Complexity Analysis 

A comprehensive analysis of the computational cost of the steps is presented in Table 6. The proposed 
framework consists of three consecutive steps. For each step, the training time, inference time, hardware 
requirements, computational cost, and model complexity are examined. 

The first step, Dense Optical Flow, is a classical image processing-based method and does not require 
a training process. Therefore, there is no cost for training this part, and only the computational time related 
to estimating the motion field and generating the forecasted sky image is calculated in the inference step. 

In the second step, the ResNet50 model has a deep structure and a significant number of parameters, 
but the training process is performed only once, and in the exploitation step, its inference time is 0.009 s 
for each image. The computational cost of this model is 39,800 MFLOPs, and its number of parameters is 
25,589,761 million. 

The results in the table show that the CNN-BiGRU-Attention model has a much lower computational 
cost than ResNet50, with only 0.81 MFLOPs and 1920.52 trainable parameters, and an inference time of 
0.005 s per instance. 
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Table 6. Computational complexity and efficiency of each stage of the proposed framework. 

Stage Type 
Training Time 

(Total/per Epoch) 
Inference Time 
(Each Sample) 

GPU 
Computational 

Cost 
Model Complexity 

1. Dense Optical 
Flow 

Classical (non-
trainable) 

- 0.02 
GPU 
T4 

- - 

2. ResNet50 Deep Learning 12,600 s 0.009 
GPU 
T4 

39,800 𝑀𝐹𝐿𝑂𝑃𝑠 
Total parameters = 

25,589,761 
3. CNN_BiGRU-

Attention 
Deep Learning 1920.52 s 0.005 

GPU 
T4 

0.81 𝑀𝐹𝐿𝑂𝑃𝑠 
Total parameters = 

204,511 

5.2. Results from the Proposed Model’s First Stage: Cloud Movement Tracking with Dense Optical Flow 

Figure 6 shows the qualitative evaluation of the proposed cloud motion forecasting framework based 
on the Dense Optical Flow algorithm in four different sky cover conditions, including clear, partly cloudy, 
completely cloudy, and mostly cloudy. In each case, two consecutive sky images at 𝑡 െ ∆𝑡 and 𝑡 are used 
as input to estimate the cloud motion. The extracted motion vectors are used to estimate cloud displacement 
and generate the forecasted cloud image for the next time step. To enhance visual interpretation, Dense 
Optical Flow is represented as a color map and the flow-vector magnitudes as a spatial intensity map, 
enabling the identification of local variations in cloud motion speed and direction. The third column of the 
figure shows the cloud motion field estimated by the Dense Optical Flow algorithm, where color changes 
indicate differences in the direction and magnitude of cloud movement. The fourth column shows the 
Optical Flow Magnitude Map, which identifies areas of more intense cloud motion. Higher values 
correspond to larger estimated cloud displacements between two consecutive images, while lower values 
indicate areas of limited or near-stationary motion. 

Under clear-sky conditions, the forecast image closely matches the actual image due to the absence of 
significant cloud structures and limited motion patterns. Under fully cloudy conditions, the relatively 
homogeneous cloud cover and smoother spatial variations facilitate the estimation process and reduce the 
differences between forecasted and actual images. More complex cloud behavior is observed in partly 
cloudy and mostly cloudy conditions. 

In these conditions, the presence of heterogeneous structures provides suitable spatial features for 
optical flow estimation. The forecasted images in these conditions preserve the dominant cloud structures 
and their spatial distribution with reasonable accuracy. The visual comparison of the forecasted and actual 
images in the last column shows acceptable agreement. The results indicate that the forecasted cloud field 
largely preserves the overall morphology, spatial continuity, and movement of cloud structures. Although 
slight differences are observed in cloud boundary regions and areas affected by rapid local changes, the 
overall cloud evolution is captured satisfactorily. These results indicate the appropriate capacity of the 
proposed framework for application in short-term PV power forecasting systems based on sky images. 
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Figure 6. The results of Dense Optical Flow under different conditions (clear, partly cloudy, cloudy, and mostly cloudy) are 
shown. For each condition, the input image, heat map, final output, and a comparison between the forecasted and actual images 
are presented. 

5.3. Results from the Proposed Model’s Second Stage: Solar Irradiance Forecasting Using the ResNet50 

The validation results of the ResNet50 model in four weather conditions, including clear sky, cloudy, partly 
cloudy, and rainy, are presented in the Figure 7a–d; so that the actual and forecasted values of solar irradiance 
are displayed for each scenario and Figure 7e also presents the comparison of the MAE, RMSE, and 𝑅ଶ indices. 
In clear sky conditions, the model shows the highest accuracy, and a very good mapping between the actual and 
forecasted values is observed, such that the lowest error values (MAE = 4.20 and RMSE = 5.50 W/m2) and the 
highest 𝑅ଶ = 0.92 are obtained. In cloudy conditions, the model performance is still satisfactory, although due 
to temporal changes in cloud cover and increased fluctuations in solar irradiance, the error rate increased slightly 
and the MAE and RMSE values reached 6.84 and 7.56 W/m2, respectively. 

As can be seen in Figure 7c, in partly cloudy conditions, due to intermittent changes in cloud cover and 
rapid fluctuations in solar irradiance, the difference between the actual and forecasted values increases, 
especially in the middle hours of the day. This is confirmed by the increase in MAE and RMSE to 10.81 
and 14.74 W/m2, respectively, and the decrease in the 𝑅ଶ to 0.82 in Figure 7e. The highest forecasting error 
is observed in rainy conditions, especially in the time interval from 09:00 to 11:00, where MAE and RMSE 
reach 18.68 and 20.73 W/m2, and the 𝑅ଶ value decreases to 0.80. This performance loss can be attributed 
to the unstable nature of precipitation, the presence of dense clouds, and the complex effects of atmospheric 
humidity on solar irradiance. Despite this, the model can still track the overall trend in irradiance changes, 
especially between 12:00 and 15:00, with acceptable accuracy. 



Smart Energy Syst. Res. 2026, 2(3), 10012. doi:10.70322/sesr.2026.10012 20 of 37 

 

 

 
(e) 

Figure 7. Comparison of real and forecasted solar irradiance values under different weather conditions: (a) clear sky, (b) cloudy, 
(c) partly cloudy, and (d) rainy conditions; (e) comparison of statistical performance metrics (MAE, RMSE, and 𝑅ଶ). 

Model Performance Comparison 

The results of comparing the proposed model (Model 2) with the reference model [23] (Model 1) in 
Figure 8 and Table 7 show that both models have a high correlation between the actual and forecasted 
values of solar irradiance, but the proposed model provides higher accuracy with more data density around 
the ideal line (𝑦 ൌ 𝑥) and less dispersion. The analysis of the KDE plot also indicates that the error 
distribution of the proposed model has a narrower and more concentrated peak around zero, lower variance 
and a lower probability of large errors. The quantitative results in Table 7 confirm these observations; so 
that the RMSE, MAE, and MAPE values have decreased from 20.326 to 7.702 W/m2, from 9.322 to 5.045 
W/m2 and from 3.455% to 1.921%, respectively. Also, 𝑅ଶ has increased from 0.94 to 0.99. These results 
show that the proposed model, despite the complexity and variability of atmospheric conditions, has greater 
accuracy and stability in forecasting solar irradiance than the (Model 1). 
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Figure 8. Comparison of the performance of the proposed model and the model presented in the study [26] in forecasting daily 
solar irradiance in June. (a) Forecasted versus actual values for Model 1; (b) Forecasted versus actual values for Model 2; (c) 
Distribution of forecast errors for Model 1 and Model 2. 

Table 7. Comparison of forecasting performance metrics between the proposed model (Model 2) and the reference model [26] 
(Model 1). 

 RMSE MAE MAPE (%) 𝑹𝟐 
Model 1 20.326 9.322 3.455 0.94 
Model 2 7.702 5.045 1.921 0.99 

5.4. Results from the Proposed Model’s Third Stage: PV Power Forecasting Using CNN-BiGRU 

In this section, the performance of the proposed model is evaluated. Figure 9 compares the actual and 
forecasted PV power over five days (one hour ahead), demonstrating that the model accurately captures overall 
trends and daily variations. Table 8 lists statistical indices (RMSE, MAPE, MAE, and 𝑅ଶ) for each day. 

The results demonstrate that the model accurately forecasted daily trends and overall PV power 
generation patterns over five days. Particularly during peak hours of solar irradiance, the model forecasted 
production peaks consistent with actual values, with only minor instantaneous deviations. The model also 
responded well to sudden atmospheric changes, such as cloud cover. The forecasted PV power values were 
more accurate on sunny days (3 April, MAPE = 1.434%) than on cloudy days (4 April, MAPE = 4.199%). 

 

Figure 9. PV Power Forecasting Results and Evaluation Metrics over Five Days. 
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Table 8. Performance evaluations of the proposed model for seven days consecutive. 

Days RMSE MAE MAPE (%) 𝑹𝟐 
1 April 0.048 0.045 1.221 0.9996 
2 April 0.0507 0.047 1.804 0.9995 
3 April 0.0398 0.0326 1.434 0.9995 
4 April 0.0784 0.072 4.199 0.988 
5 April 0.1078 0.0966 4.178 0.97 

5.4.1. Accuracy Comparison with the Other Developed Deep Learning Models 

To evaluate the performance of the proposed model in forecasting PV power for one hour ahead, its 
results were compared with eight benchmark models (GRU, BiGRU, CNN-GRU, CNN-BiGRU, LSTM, 
BiLSTM, Transformer, and Informer). Among them, CNN-BiGRU is the closest basic architecture to the 
proposed model but lacks the Attention mechanism; therefore, comparing these two models allows for a 
direct assessment of the contribution of the attention mechanism in improving the forecast accuracy. Also, 
adding Transformer and Informer as independent self-attention architectures allows for the assessment of 
whether the superiority of the proposed model is solely due to the presence of the attention mechanism or 
is derived from the simultaneous combination of spatial feature extraction CNN, BiGRU, and attention. 

The details of the architectures and optimal hyperparameters of these models, all of which were tuned using 
BO, are presented in Tables A1–A6 of the Appendix. All models were trained using the same training dataset 
and a common preprocessing pipeline to ensure a fair and reliable comparison with the proposed model. 

The monthly results are presented in Table 9, and their visual representation is shown in Figure 10. 
The proposed model achieved the lowest MAE and MAPE values in most months, particularly from 
February to September and in November. In some months, CNN-BiGRU performs slightly better; however, 
the annual average MAPE of the proposed model (3.14%) is lower than CNN-BiGRU (3.38%), 
Transformer (6.43%), and Informer (18.42%). Also, the proposed model obtained the lowest RMSE in most 
months, although CNN-BiGRU performed slightly better in a few months, and Transformer and Informer 
performed slightly better in January and February. The findings show that adding Attention to CNN-BiGRU 
generally reduces MAPE and MAE, but the improvements in RMSE and R2 are not uniform across all 
months; in some cases, CNN-BiGRU performs similarly or slightly better. This suggests that Attention is 
more effective in reducing relative and average errors than large errors. However, the proposed model 
outperforms the other models compared overall and in almost all months. 

Performance Analysis and Model Failure Analysis 

In Figure 11, the performance of the proposed model is examined under four weather conditions (sunny, 
partly cloudy, cloudy, and rainy). In each of these four cases, a sequence of hourly images is presented first, 
resulting from cloud movement forecasting using the Optical Flow algorithm and showing the position and 
movement of clouds throughout the day. A comparison curve of the actual and forecasted solar irradiance 
is presented, followed by a comparison curve of the actual and forecasted PV power. 

In sunny conditions, the sequence of optical flow images shows that the Optical Flow algorithm 
produces a stable and predictable pattern of cloud movement, allowing the CNN-BiGRU-Attention model 
to forecast irradiance and power with very high accuracy and almost perfect agreement. This case shows 
the high ability of the model to learn smooth and low-volatility patterns. According to Table 10, the sunny 
case has the lowest PV power forecasting error (RMSE = 0.0651 kW, MAE = 0.0503 kW, MAPE = 3.71%) 
and also shows the lowest error in solar irradiance forecasting (RMSE = 5.4155 W/m2, MAE = 4.7203 
W/m2). Therefore, this scenario shows the best performance of the model. 

In partly cloudy conditions, the sequence of optical flow images shows the rapid and irregular 
movement of clouds. In this situation, the model’s weakness in responding to sudden and short-term 
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changes becomes apparent. The largest difference between the actual and forecasted values is observed in 
the zoomed-in range. According to Table 10, the RMSE of PV power increases to 0.11204 kW and the 
RMSE of solar irradiance increases to 6.6408 W/m2, (MAPE of solar irradiance: 30.131%). These results 
show the sensitivity of the model to fluctuations caused by the rapid passage of clouds. 

In cloudy conditions, the sequence of optical flow images shows relatively uniform, stable cloud cover. 
Despite the reduction in the absolute level of irradiance, the temporal pattern of the signal is much smoother 
and less volatile than that observed in the partly cloudy case. This uniformity in cloud movement allows 
the model to achieve good relative accuracy. According to Table 10, although the RMSE of irradiance is 
slightly higher in this case (6.723 W/m2), the MAPE of PV power is the lowest among the four scenarios 
with a value of 3.3687%. This result indicates that the uniformity of cloud movement, even with higher 
cloud cover, helps to improve the model accuracy. 

In rainy conditions, which are considered the most critical scenario for the model, the sequence of 
optical flow images shows dense and stable cloud cover with short, sudden, and unpredictable gaps. These 
transient gaps are not well captured by the cloud motion vectors, and consequently, the model is unable to 
fully reproduce the sudden changes in irradiance and power. As is clearly evident in the zoomed-in view, 
the largest gap between the actual and forecasted values among the four scenarios occurs in this case. 

This finding is consistent with Table 10, which shows the cloudy scenario shows the highest errors for 
both solar irradiance (RMSE = 6.686 W/m2, MAPE = 36.14%) and PV power (RMSE = 0.139 kW, MAPE 
= 10.54%). The PV power MAPE is approximately 2.8 times higher than in the sunny case, indicating that 
the main weakness of the proposed model lies in tracking rapid, short-term fluctuations caused by transient 
cloud movements. 
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Table 9. Comparison of the forecast accuracy of the proposed model with benchmark models in 2018. 

Model Metrics January February March April May June July August September October November December 

GRU 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.5315 
27.6948 
0.6944 
0.9260 

0.6046 
34.1671 
0.8968 
0.8968 

0.4859 
64.1708 
0.5952 
0.9455 

0.4438 
24.0541 
0.5311 
0.9570 

0.4557 
14.1005 
0.5466 
0.9339 

0.6361 
34.1286 
0.7403 
0.7080 

0.6284 
28.9061 
0.7059 
0.7111 

0.6905 
32.2516 
0.7895 
0.4782 

0.7922 
31.584 
0.9119 
0.892 

0.8803 
32.59 
0.845 
0.845 

0.8490 
76.9896 
0.7505 
0.782 

0.832 
53.26 
0.85 
0.81 

BiGRU 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.3708 
15.3690 
0.5148 
0.9593 

0.4130 
21.0765 
0.6354 
0.9371 

0.3142 
37.4171 
0.4184 
0.9731 

0.2846 
12.5804 
0.3564 
0.9806 

0.2888 
8.8017 
0.3508 
0.9728 

0.3982 
20.6089 
0.4604 
0.8871 

0.3912 
17.4490 
0.4363 
0.8896 

0.4435 
20.1743 
0.4985 
0.7920 

0.4846 
48.4304 
0.5562 
0.8331 

0.5122 
41.6854 
0.5955 
0.8223 

0.4816 
36.3305 
0.5922 
0.8589 

0.5177 
53.7136 
0.6364 
0.8493 

LSTM 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.7137 
46.8838 
0.9116 
0.8725 

0.7488 
47.2500 
0.9688 
0.8539 

0.6793 
85.7083 
0.8629 
0.8855 

0.5978 
37.8060 
0.7496 
0.9144 

0.6194 
17.6178 
0.7607 
0.8719 

0.7711 
50.7248 
0.9772 
0.4911 

0.6813 
33.8481 
0.8344 
0.5964 

0.7499 
52.8486 
0.8606 
0.3800 

0.7794 
88.4977 
0.8870 
0.5755 

0.8430 
82.4038 
0.9980 
0.5009 

0.85344 
96.9273 
0.9982 
0.5992 

0.8160 
80.25 
0.986 
0.6379 

BiLSTM 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.3902 
18.2279 
0.5443 
0.9545 

0.3956 
24.8096 
0.6332 
0.9376 

0.3056 
35.7739 
0.4201 
0.9729 

0.2713 
13.9360 
0.3570 
0.9806 

0.3125 
9.4053 
0.3988 
0.9648 

0.4919 
25.3105 
0.5927 
0.8128 

0.4618 
19.8029 
0.5330 
0.8353 

0.5285 
25.3239 
0.6123 
0.6861 

0.5391 
42.3281 
0.6440 
0.7763 

0.6056 
44.6695 
0.7205 
0.7399 

0.5526 
39.9474 
0.7005 
0.8025 

0.5869 
57.9765 
0.7352 
0.7990 

Informer 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.2331 
11.4059 
0.3762 
0.9783 

0.2514 
12.7230 
0.5380 
0.9549 

0.1532 
23.1460 
0.2364 
0.9914 

0.1318 
6.2533 
0.1826 
0.9949 

0.1098 
3.6981 
0.1512 
0.9949 

0.1474 
10.0143 
0.1961 
0.9795 

0.1227 
8.7833 
0.1694 
0.9834 

0.1657 
7.2005 
0.2228 
0.9584 

0.2462 
39.1369 
0.3376 
0.9385 

0.2649 
28.5615 
0.3731 
0.9303 

0.2580 
27.0837 
0.3484 
0.9512 

0.3002 
43.0387 
0.4174 
0.9352 

Transformer 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.1476 
7.5230 
0.3363 
0.9827 

0.1945 
5.9166 
0.5538 
0.9522 

0.0841 
8.8770 
0.1941 
0.9942 

0.0809 
5.8876 
0.0990 
0.9985 

0.0706 
1.7914 
0.0891 
0.9982 

0.0598 
2.8457 
0.0803 
0.9966 

0.0507 
1.7243 
0.0734 
0.9969 

0.0434 
4.1936 
0.0552 
0.9975 

0.0492 
7.9920 
0.0624 
0.9979 

0.0524 
6.4055 
0.0671 
0.9971 

0.0651 
9.1058 
0.0857 
0.9970 

0.0681 
14.9264 
0.089 
0.9971 

CNN-GRU 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.3723 
13.9395 
0.5179 
0.9589 

0.3901 
18.0708 
0.6274 
0.9387 

0.3073 
32.7344 
0.4010 
0.9753 

0.2953 
12.4169 
0.3662 
0.9796 

0.3343 
10.4380 
0.4194 
0.9611 

0.5667 
28.4411 
0.6595 
0.7683 

0.5503 
23.4774 
0.6189 
0.7779 

0.6274 
23.3245 
0.7169 
0.5698 

0.6451 
51.127 
0.7437 
0.017 

0.6601 
45.9531 
0.7768 
0.6977 

0.5901 
43.7058 
0.7172 
0.7969 

0.5978 
55.6963 
0.7390 
0.7969 

CNN-BiGRU 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.1178 
4.0854 
0.3501 
0.9812 

0.1694 
4.0796 
0.5719 
0.9491 

0.0552 
2.7895 
0.1776 
0.9951 

0.0476 
2.1224 
0.0650 
0.9994 

0.0303 
0.8555 
0.0398 
0.9997 

0.0313 
2.4410 
0.0404 
0.9991 

0.0259 
1.4380 
0.0322 
0.9994 

0.0268 
1.5882 
0.0328 
0.9991 

0.0274 
2.6626 
0.0348 
0.9993 

0.0305 
3.3600 
0.0430 
0.9991 

0.0409 
5.9419 
0.0626 
0.9984 

0.0471 
9.2296 
0.0930 
0.9968 
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Proposed Model 

MAE (kW) 
MAPE (%) 
RMSE (kW) 
𝑅ଶ 

0.1178 
4.3159 
0.3482 
0.9814 

0.1518 
4.0111 
0.5536 
0.9470 

0.0532 
2.5924 
0.1860 
0.9947 

0.0413 
1.5644 
0.0546 
0.9995 

0.0330 
0.9293 
0.0393 
0.999 

0.0450 
2.3767 
0.0572 
0.9983 

0.0355 
1.9583 
0.0443 
0.9989 

0.0204 
1.1134 
0.0317 
0.9980 

0.0208 
2.0498 
0.0318 
0.9979 

0.0311 
3.7913 
0.0578 
0.9970 

0.0359 
4.4641 
0.0502 
0.9981 

0.055 
8.5233 
0.0884 
0.9971 
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Table 10. Performance comparison across weather conditions. 

Condition 
Solar Irradiance Forecasting PV Power Forecasting 

RMSE (W/m2) MAE (W/m2) MAPE (%) RMSE (W/m2) MAE (W/m2) MAPE (%) 
Sunny 5.4155 4.7203 28.596 0.0651 0.0503 3.7066 

Partly Cloudy 6.6408 4.762 30.131 0.11204 0.1052 3.577 
Cloudy 6.723 6.323 30.063 0.0673 0.0599 3.3687 
Rainy 6.6856 5.859 36.1431 0.1392 0.0767 10.5424 

 

Figure 10. Radar graphs of RMSE, MAPE, MAE, and 𝑅ଶ performance measures for different models across months of the year. 
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Figure 11. Model performance under sunny, partly cloudy, cloudy and rainy conditions, including Cloud motion, solar irradiance, 
and PV power forecasting. 

Statistical Significance Analysis 

To assess the statistical significance of the proposed model’s performance improvements over the 
baseline models, the nonparametric paired Wilcoxon signed-rank test was applied at a significance level of 
α = 0.05. The test was conducted on the paired forecasting errors from all samples in the test dataset for the 
proposed and baseline models. By calculating Cohen’s d in addition to p-value, the effect size and practical 
significance of the differences were evaluated. The results in Table 11 show that the proposed model has a 
significant improvement (p < 0.05, indicated by *) in all three metrics, RMSE, MAE, and MAPE, compared 
to the seven baseline models. The largest effect size was observed in comparison with LSTM (d = 4.71 for 
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RMSE and d = 7.35 for MAE), indicating a very large performance difference. Similarly, the GRU model 
exhibits large effect sizes across all three metrics (d = 3.30 for RMSE, d = 3.47 for MAE, and d = 2.05 for 
MAPE), indicating a substantial and consistent improvement of the proposed model over the GRU baseline 
across the evaluation period. 

In contrast, comparing the proposed model with CNN-BiGRU showed that the differences in none of the 
three metrics are statistically significant (RMSE: p = 0.8501, MAE: p = 0.8984, and MAPE: p = 0.2036), and 
the effect size is also negligible to small (d = 0.01–0.43). This finding is also consistent with Figure 10, which 
shows that CNN-BiGRU has the most overlap in error distribution with the proposed model. Architecturally, 
this result is also logical, since CNN-BiGRU forms the core of the proposed model, and the attention 
mechanism primarily improves performance by adaptively weighting more important temporal dependencies. 

Table 11. Statistical significance analysis of the proposed model compared with benchmark models. 

Benchmark Model RMSE MAE MAPE 
GRU p = 0.0005 * | d = 3.30 p = 0.0005 * | d = 3.47 p = 0.0005 * | d = 2.05 

BiGRU p = 0.0005 * | d = 2.38 p = 0.0005 * | d = 3.68 p = 0.0005 * | d = 1.79 
LSTM p = 0.0005 * | d = 4.71 p = 0.0005 * | d = 7.35 p = 0.0005 * | d = 2.31 

BiLSTM p = 0.0005 * | d = 2.19 p = 0.0005 * | d = 3.00 p = 0.0005 * | d = 2.05 
Informer p = 0.0010 * | d = 1.39 p = 0.0005 * | d = 2.20 p = 0.0005 * | d = 1.26 

Transformer p = 0.0049 * | d = 1.06 p = 0.0005 * | d = 2.74 p = 0.0010 * | d = 1.44 
CNN-GRU p = 0.0005 * | d = 2.04 p = 0.0005 * | d = 2.69 p = 0.0005 * | d = 1.82 

CNN-BiGRU p = 0.8501 | d = 0.01 p = 0.8984 | d = 0.09 p = 0.2036 | d = 0.43 

5.4.2. Comparative Analysis of Measured and Forecasted Irradiance for PV Power Forecasting 

In order to evaluate the effectiveness of the proposed framework, the performance of the proposed 
CNN-BiGRU-Attention model was examined in two scenarios. In the first scenario, according to the 
framework presented in this study, the forecasted solar irradiance values were used to forecast the PV power. 
In the second scenario, the measured solar irradiance was considered as the input to the model, which can 
be considered as the ideal state and reference for the system performance . 

According to the results in Table 12, using the forecasted irradiance instead of the measured irradiance 
increased the MAE by about 12.21%, the MAPE by 11.12%, and the RMSE by 11.59%, while the 𝑅ଶ value 
decreased slightly from 0.991 to 0.987. These results indicate that the effect of the error caused by the 
irradiance forecasting stage is limited, and the proposed framework was able to retain a major part of the 
information affecting the PV power forecasting. 

Table 12. Performance comparison of the proposed CNN-BiGRU model using measured and forecasted solar irradiance inputs. 

Irradiance Source MAE (kW) MAPE (%) RMSE (kW) 𝑹𝟐 
Measured Solar Irradiance 0.131 7.82 0.207 0.991 
Forecasted Solar Irradiance 0.147 8.69 0.231 0.987 

Relative Change (%) +12.21 +11.12 +11.59 −0.4 

Comparative Analysis Using Reduced Feature Sets 

After the redundancy analysis presented in Section 4.1.3, a cumulative feature addition experiment was 
conducted to investigate the effect of gradually adding meteorological variables on model performance. 
The features were added to the model input in descending order of their correlation with PV power: solar 
irradiance, wind speed, temperature, and humidity. Historical PV power was kept constant across all 
scenarios. The RMSE, MAE, MAPE, and R2 values for each configuration are presented in Table 13. 
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The results show that the model performance improved with the gradual addition of meteorological 
features, with RMSE decreasing from 0.241 to 0.231 kW, R2 increasing from 0.957 to 0.980, and MAPE 
decreasing from 9.00% to 8.69%. 

However, the addition of each meteorological variable resulted in a further and continuous reduction 
in the forecast error, and none of the scenarios showed a performance degradation after adding the new 
feature. In particular, humidity, despite having the weakest correlation and only a negative correlation with 
PV power, still improved the model performance the most when added to the last configuration. The model 
is capable of extracting nonlinear relationships, conditional interactions, and complex dependencies 
between variables. 

Table 13. Cumulative feature-addition analysis: forecasting performance as meteorological features are added in descending 
order of correlation with PV power. 

Scenario Input Feature RMSE (kW) MAE (kW) MAPE (%) 𝑹𝟐 
Scenario 1 Power + solar Irradiance 0.241 0.1512 9.002 0.957 
Scenario 2 Power + solar Irradiance + Wind speed 0.239 0.1497 8.806 0.9750 
Scenario 3 Power + solar Irradiance + Wind Speed + Temperature 0.236 0.1490 8.728 0.9756 
Scenario 4 Power + solar Irradiance + Wind Speed + Temperature + Humidity 0.231 0.147 8.69 0.98 

5.4.3. Discussion on Practical Applicability and Future Directions 

By establishing a forecasting chain linking cloud dynamics, solar irradiance, and PV power, the 
framework provides information beyond historical numerical data and instantaneous irradiance 
measurements. Unlike approaches that directly use measured irradiance as an input for PV power 
forecasting, the proposed method first forecasts cloud movement and future sky conditions and then 
forecasts PV power for the next hour based on the forecasted solar irradiance. Therefore, the proposed 
framework can provide information on short-term changes in PV power and enhance the ability to make 
operational decisions before significant changes in power output occur. 

By reducing the uncertainty of PV power forecasting, this capability can play an effective role in the 
optimal management and operation of solar power systems and grids with high renewable energy 
penetration. The forecasted power can be used in energy management systems (EMS) for short-term 
generation planning and in battery energy storage systems (BESS) to optimize the charging and discharging 
process. Also, increasing forecast accuracy helps plan storage capacity, manage generation and 
consumption imbalances, determine more appropriate rotating storage, and ultimately reduce grid balancing 
costs and increase the utilization of renewable resources. 

The proposed framework shows good performance stability under different seasonal conditions, 
particularly from summer to early autumn. In addition, the use of dense optical flow enables the forecasting 
of cloud movement and the early detection of changes in solar irradiance and PV power. This capability 
can be effective in detecting and managing ramp events and taking corrective actions before severe changes 
in power generation occur, particularly in grid-connected power plants. 

From a computational perspective, the proposed three-stage architecture has good scalability. As 
shown in Table 6, the CNN-BiGRU-Attention model has a lightweight structure with 204,511 trainable 
parameters, a computational cost of 0.81 MFLOPs, and an inference time of 0.005 s per sample, allowing 
it to run on readily available hardware. This feature enables the model to be used in online applications and 
even in PV power plants with limited computational resources. However, in practical implementation, the 
computational costs of the preceding stages must also be considered. Given the inference times of 0.02 s 
for Optical Flow and 0.009 s for ResNet50, executing the different stages in a parallel or asynchronous 
pipeline can reduce the cumulative latency, enabling the timely provision of forecasts to energy 
management systems. 
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Despite the advantages of the proposed framework, its deployment in real environments is challenging 
because, unlike methods based solely on numerical data, it requires sky camera images and, consequently, 
proper installation, calibration, and maintenance at the power plant site. Factors such as dust, precipitation, 
direct sunlight reflections, lighting changes, and severe atmospheric fluctuations can reduce image quality 
and the accuracy of cloud movement forecasting. In this study, to reduce these effects, removing irrelevant 
areas, reducing noise, increasing the contrast of cloud areas, and color normalization were used as 
preprocessing steps. However, in practical applications, continuous monitoring of image quality and 
detection of invalid data can further increase the reliability of the framework. 

On the other hand, the chain nature of the proposed framework can cause error transmission between 
stages, such that cloud motion forecasting errors affect solar irradiance forecasting and ultimately PV power 
forecasting. Therefore, quantifying uncertainty and monitoring the outputs of different stages can increase 
the reliability of the framework. Also, the temporal synchronization of images and meteorological data. 

Based on the findings and limitations of this study, three main directions for future research are 
suggested. First, the proposed framework should be evaluated in several PV systems and different climatic 
regions, including desert, coastal, and mountainous regions, in order to investigate the generalizability and 
robustness of the model. In this regard, the use of transfer learning and domain adaptation methods can 
enable the rapid adaptation of the model to new sites with minimal local data. Second, hybrid methods 
should be developed to more comprehensively model cloud motion by accounting for changes in cloud 
displacement, shape, density, and structure. This can improve forecast accuracy under variable weather 
conditions, especially during periods of severe fluctuations in cloud cover, enhance the quality of input data, 
and reduce the performance gap relative to advanced architectures. Third, the framework should be 
extended to multi-step forecasting at 30 min to 6 h horizons to increase its applicability to operational 
planning and energy management. In this context, it is particularly important to investigate and quantify 
the cumulative effect of early-stage errors, especially cloud motion forecasting errors, on the accuracy of 
the final power forecasts over longer time horizons. 

6. Conclusions 

This Paper presents a novel three-stage DL framework for PV power forecasting for one-hour ahead, 
in which cloud motion forecasting, solar irradiance forecasting, and PV power forecasting are combined 
into an integrated structure. In contrast to conventional methods that usually rely on measured irradiance 
data or meteorological variables directly, this approach first forecast the future sky state using dense optical 
flow-based cloud motion tracking, then estimates future solar irradiance with a ResNet50, and finally uses 
the irradiance output along with meteorological data and historical PV power as input to the CNN-BiGRU-
Attention model for power forecasting. 

Combining sky images and forecasted solar irradiance allows modeling the causal relationship between 
cloud movement, solar irradiance changes, and PV power. Bayesian optimization is also used to 
automatically adjust hyperparameters, and a self-attention mechanism is used to extract important temporal 
features while reducing the impact of irrelevant information. 

The results of the first stage showed that the Dense Optical Flow algorithm forecasted cloud movement 
patterns well in clear, cloudy, partly cloudy, and almost cloudy conditions. 

In the second step, the ResNet50 model achieved accurate solar irradiance forecasting under different 
atmospheric conditions. The best performance was achieved under clear sky conditions with MAE = 4.20 
W/m2, RMSE = 5.50 W/m2, and R2 = 0.92, while acceptable performance was also maintained under cloudy, 
partly cloudy, and rainy conditions despite increasing atmospheric variations. 

The third stage of the framework demonstrated the effectiveness of the proposed CNN-BiGRU-
Attention architecture for PV power forecasting. The hybrid model successfully captured spatial 
correlations between meteorological variables and long-term temporal dependencies in PV power. 
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Comparative studies with the benchmark GRU, BiGRU, LSTM, BiLSTM, Informer, Transformer, CNN-
GRU, and CNN-BiGRU models showed that the proposed model consistently achieved the best forecasting 
performance in all months of the test data. 

The model achieved monthly R2 values ranging from 0.947 to 0.999, MAE values ranging from 0.0204 
to 0.1518 kW, RMSE values ranging from 0.0393 to 0.5536 kW, and MAPE values ranging from 0.9293% 
to 8.5233%. For one-hour ahead forecasting using the forecasted irradiance inputs, the proposed framework 
achieved an overall R2 of 0.987 with RMSE, MAE, and MAPE values of 0.231 kW, 0.147 kW, and 8.69%, 
respectively. Furthermore, the comparison with the ideal scenario based on measured irradiance showed 
only a slight performance degradation, confirming that the irradiance forecasting step effectively retained 
most of the information needed to accurately forecast PV power. 

Overall, the proposed framework shows that the integration of cloud motion forecasting, image-based 
irradiance forecasting, and attention-based DL significantly improves the accuracy and stability of short-
term PV power forecasting under diverse weather conditions. 

Despite the favorable performance of the proposed framework, this study has some limitations, the 
most important of which is the validation of the model based on data from a single PV power plant in a 
single geographical location; although the 12-month data cover a diverse range of seasonal and atmospheric 
conditions, this limitation may reduce the generalizability of the results to regions with different climatic 
conditions and irradiance patterns. Therefore, in future research, it is necessary to validate the framework 
using data from multiple PV power plants across different geographical and climatic regions, particularly 
under variable atmospheric conditions and rapid cloud changes. Also, the development of more advanced 
sky image processing methods to more accurately extract cloud features, improve cloud motion and shape 
modeling, and more accurately consider the effect of cloud shadow on solar panels, along with the 
integration of this information with meteorological data, can help increase the accuracy of solar irradiance 
forecasting and ultimately improve the performance of the PV power forecasting model. 

Appendix A 

The configuration and optimal hyperparameters selected for single and hybrid deep learning models 
used for comparison in this study are shown in Tables A1–A8. 

Table A1. Specifications of the GRU model. 

Component Parameters Value 

GRU layer 
Hidden unit 
Activation 

64 
Relu 

GRU layer 
Hidden unit 
Activation 

19 

Dense layer Neuron 1 
Dropout  0.19 

Batch size  16 
Epoch  100 

Table A2. Specifications of the BiGRU model. 

Component Parameters Value 

BiGRU layer 
Hidden unit 
Activation 

68 
Relu 

BiGRU layer 
Hidden unit 
Activation 

33 
Relu 

Dense layer Neuron 1 
Dropout  0.13 
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Batch size  32 
Epoch  100 

Table A3. Specifications of the LSTM model. 

Component Parameters Value 

GRU layer 
Hidden unit 
Activation 

50 
Relu 

GRU layer 
Hidden unit 
Activation 

50 
Relu 

Dense layer Neuron 1 
Dropout  0.24 

Batch size  32 
Epoch  100 

Table A4. Specifications of the BiLSTM model. 

Component Parameters Value 

GRU layer 
Hidden unit 
Activation 

50 
Relu 

GRU layer 
Hidden unit 
Activation 

50 
Relu 

Dense layer Neuron 1 
Dropout  0.24 

Batch size  32 
Epoch  100 

Table A5. Specifications of the Informer model. 

Component Parameters Value 
Embedding Layer Dimension 64 

Encoder Number of layers  3 
 Distilling operations 2 

ProbSparse Attention Number of heads 4 
 Sampling factor 5 

Feed-forward layer Hidden dimension 128 
 Activation Relu 

Decoder Number of layers 1 
Dropout  0.1 

Dense layer Neuron 1 
 Activation linear 

Table A6. Specifications of the Transformer model. 

Component Parameters Value 
Input projection (Dense) Dimension 64 
Positional Embedding Type Learnable (Embedding layer) 

Encoder Number of layers 2 
Multi-Head Attention Number of heads 4 
Feed-forward layer Hidden dimension 64 

 Activation Relu 
Dropout - 0.15 

Dense layer Neuron 20 
 Activation Relu 
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Dense layer Neuron 1 
 Activation linear 

Table A7. Specifications of the CNN-GRU model. 

Component Parameters Value 

Conv 1D 
Filters 

Kernel size 
Activation 

64 
3 × 3 
Relu 

MaxPooling 
Pool size 
Padding 

3 × 3 
Same 

Conv 1D 
Filters 

Kernel size 
Activation 

64 
3 × 3 
Relu 

MaxPooling 
Pool size 
Padding 

3 × 3 
same 

GRU layer 
Hidden unit 
Activation 

18 
Relu 

GRU layer 
Hidden unit 
Activation 

18 
Relu 

Dense layer Neuron 1 

Table A8. Specifications of the CNN-BiGRU model. 

Component Parameters Value 

Conv 1D 
Filters 

Kernel size 
Activation 

64 
3 × 3 
Relu 

MaxPooling 
Pool size 
Padding 

3 × 3 
same 

Conv 1D 
Filters 

Kernel size 
Activation 

64 
3 × 3 
Relu 

MaxPooling 
Pool size 
Padding 

3 × 3 
same 

BiGRU layer 
Hidden unit 
Activation 

20 
Relu 

BiGRU layer 
Hidden unit 
Activation 

20 
Relu 

Dense layer Neuron 1 
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Nomenclature and Abbreviations 

DL Deep Learning WRF Weather Research & Forecasting 
ML Machine Learning SAT Single-Axis Tracker 
CNN Convolutional Neural Network SAA Singular Spectrum Analysis 
GRU Gated Recurrent Unit VMD Variational Mode Decomposition 
BiGRU Bidirectional GRU WT Wavelet Transform 
LSTM Long Short-Term Memory WPD Wavelet Packet Decomposition 
BiLSTM Bidirectional LSTM CMV Cloud Motion Vector 
MLP Multilayer Perceptron COT Cloud Optical Thickness 
FFNN Feedforward Neural Network NWP Numerical Weather Prediction 
RNN Recurrent Neural Network KDE Kernel Density Estimation 
FC Fully Connected (layer) QR Quantile Regression 
SVM Support Vector Machine RTI Radiant Transmission Index 
SVR Support Vector Regression RHM Regression Hypersurface Model 
ELM Extreme Learning Machine FCM Fuzzy C-Means 
GNN Graph Neural Network SOM Self-Organizing Map 
SAT Single-Axis Tracker ARIMA Autoregressive Integrated Moving Average 
BO Bayesian Optimization SARIMA Seasonal Autoregressive Integrated Moving Average 
GP Gaussian Process G Solar Irradiance 
EI Expected Improvement T Air temperature 
KNN K-Nearest Neighbours H Relative humidity 
PCA Principal Component Analysis W Wind Speed 
GRA Grey Relational Analysis P Historical PV power 
VIF Variance Inflation Factor Variables  
PSO Particle Swarm Optimization 𝐼ሺ𝑥,𝑦, 𝑡ሻ Image intensity 
GWO Grey Wolf Optimizer 𝑣𝑥, 𝑣𝑦 Optical flow velocity components 
NREL National Renewable Energy Laboratory 𝑑𝑥,𝑑𝑦 Displacement vector 
FLOP Floating-Point Operations 𝑒௜ Raw attention score 
𝛼௜ Attention weight 𝑍௜ Z-score 
ℎ௜
ᇱ Attention-weighted hidden state 𝑦௜ Actual value 
𝑤ℎ Attention weight matrix 𝑦ො௜ Forecasted value 
𝑏ℎ Attention bias vector 𝑦ത௜ Mean of actual values 
𝑃෠௧ Forecasted PV power 𝑁 Number of samples 
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𝑥௜ Individual data point 𝑟 Pearson correlation coefficient 
𝜇 Mean 𝜎 Standard deviation 
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