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  ABSTRACT  

Energy and climate challenges have driven 

significant growth in solar power generation. 

However, solar power production is intermittent and 

unstable, which complicates its integration into power 

grids. Techniques of forecasting Photovoltaic (PV) 

energy are needed to ensure its security and cost-

effectiveness. This paper deals with the use of artificial 

intelligence techniques to predict photovoltaic power.  

The proposed techniques are Weighted Linear 

Regression (WLR) and Long Short-Term Memory 

neural networks (LSTM).   

The proposed techniques are Weighted Linear Regression (WLR) and Long Short-Term 

Memory neural networks (LSTM). The investigated data in this study was obtained from a 

photovoltaic solar power plant located in a specific geographical area. 

The studied parameters are wind speed (WS), ambient temperature (T), relative humidity 

(RH), irradiance (GHI) and wind direction (WD). The accuracy and ability of the LSTM model 

to explain data variation were examined by comparing its predictions with those of the WLR 

model, based on three performance measures: RMSE, MAE and R2. The obtained results show 

that weighted linear regression produces an acceptable estimation of photovoltaic power, with 

an 𝑅𝑀𝑆𝐸 of 0.424, 𝑀𝐴𝐸 of 0.342, and 𝑅2 of 0.980. However, the LSTM model performs better 

and has the potential to improve forecast reliability and accuracy, with an 𝑅𝑀𝑆𝐸 of 0.355, 𝑀𝐴𝐸 

of 0.157, and  𝑅2 of 0.986.  
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تطبيق نموذج شبكات ذاكرة القصيرة الأمد والطويلة للتنبؤ بالقدرة المولدة من الطاقة الشمسية 

 الكهروضوئية

 
  يطو وزوهو، عبد الله العزيزي، خالد قندوسي، ربيع العثماني

 

. أدّت التحديات المتعلقة بالطاقة والمناخ إلى تزايد الاعتماد على الطاقة الشمسية نظرًا لما توفره من مزايا بيئية واقتصادية :صـــملخ

ولمواجهة هذا . الشمسية يشكّل عائقًا أمام إدماجها السلس في شبكات التزود بالطاقةإلا أن الطابع المتقطع وغير المستقر لإنتاج الطاقة 

 .لضمان أمان أنظمة الطاقة وتحقيق فعالية اقتصادية أكبر  (PV)تبرز أهمية تقنيات التنبؤ بإنتاج الطاقة الكهروضوئية التحدي،
: الذكاء الاصطناعي لتوقّع الطاقة المنتَجة من الألواح الشمسية، وذلك من خلال اعتماد نموذجين في هذا السياق، تم توظيف تقنيات

وتم استخدام بيانات حقيقية تم جمعها  (LSTM). الذاكرة القصيرة الأمد الطويلة ، وشبكات (WLR)الانحدار الخطي الُمرَجَّح

 الإشعاع الشمسي: المتغيرات المؤثرة، وهيمع التركيز على عدد من  من محطة طاقة شمسية تقع في منطقة جغرافية محددة،

(GHI)درجة حرارة الهواء ،(T) الرطوبة النسبية ،(RH) سرعة الرياح ،(WS) واتجاهه ،.(WD)   وقد جرى تقييم دقة كل

 (MAE)، ومتوسط الخطأ المطلق (RMSE)الخطأ الجذر التربيعي لمتوسط مربع: من النموذجين من خلال ثلاثة مؤشرات للأداء

تقديرات مقبولة لإنتاج الطاقة الشمسية،  وقد أظهرت النتائج أن نموذج الانحدار الخطي الُمرَجَّح يوفر (R²). ، ومعامل التحديد

 أداءً LSTM في المقابل، أظهر نموذج.  R² = 0.980و RMSE = 0.424 :، MAE = 0.342 حيث بلغت قيم مؤشرات الأداء

، مما يدل على قدرته العالية على تحسين دقة وموثوقية R² = 0.986و RMSE = 0.355  ،MAE = 0.157حقق حيث، أفضل

 .التنبؤات

 
   الطاقة الكهروضوئية, التنبؤ , شبكات ذاكرة القصيرة الأمد والطويلة, الانحدار الخطي الُمرَجَّح  - المفتاحية الكلمات

 

1. INTRODUCTION  

Among renewable energy sources, solar energy has been recognized as one of the most 

promising due to its environmentally clean, abundant resources, free availability, and lack of 

transportation requirements [1, 2]. Within the solar energy sector, photovoltaic (PV) 

technology has gained the more popularity and widespread use [3, 4]. Since 2002, PV energy 

generation has grown by twice approximately every two years, with an average annual growth 

rate of 48% [5]. This increase makes photovoltaic technology the fastest-growing energy 

technology globally. In 2023, the worldwide installed PV cumulative capacity was estimated at 

1500 GW [6]. 

However, the randomness and intermittency of solar energy, due to rapid and random 

weather changes, present many challenges for the stability and management of integrated 

power grids [7-11]. In order to integrate safely any photovoltaic system into smart grids, 

reliable forecasting methods have become crucial to mitigate adverse effects such as low 

stability and the impact of photovoltaic power uncertainty. These forecasting methods help 

solve photovoltaic power planning and modelling issues in energy management systems, 

thereby improving reliability and maintaining power quality [12, 13]. 

Numerous studies have focused on predicting photovoltaic power by using various 

methods designed for high accuracy and minimal complexity. These prediction methods, 

which utilize historical meteorological data, can be categorized into two main groups: statistical 

techniques and machine learning techniques [14, 15]. 

For statistical methods, they include linear regression [16], Auto-Regressive Moving 

Average (ARMA) model [17, 18], Auto-Regressive Integrated Moving Average (ARIMA) 

model [19, 20], seasonal ARIMA model [21], and ARIMA with exogenous inputs model [22]. 

78



Optimized LSTM Neural Networks Model applied for Solar PV Power Prediction 

 

 

 

 

90 

 

Solar Energy and Sustainable Development, Special Issue (MME) , May  2024 

 

 

 

In fact, photovoltaic energy production is predicted by statistical analysis of various input 

variables to establish a correspondence relationship between input-output data using 

techniques such as curve fitting, parameter estimation and correlation analysis [23]. These 

methods are applied to the short-term forecasting of photovoltaic energy generation using 

historical environmental data obtained from photovoltaic sites [24]. Compared to machine 

learning methods, statistical models require fewer input data series [25]. 

In the other side, machine-learning methods require larger datasets for accurate 

forecasting and offer many advantages in linear, non-linear, and non-stationary data patterns 

[26, 27]. These intelligent techniques are involved in various aspects of PV system design for 

modelling, controlling, and monitoring [28]. Due to their ability to efficiently extract high 

dimensional complex nonlinear features, machine-learning methods have become widely used 

for predicting PV power output [29]. Several studies have applied machine learning models for 

PV power forecasting such as Artificial Neural Networks (ANNs), which are developed to 

predict power production hourly in real grid-connected PV plants using various combinations 

of time series data, irradiance and ambient temperature as inputs [30]. For example, a Multi-

Layer Feed-Forward Neural Network (MLFFNN) model was implemented to forecast PV 

power 24 hours ahead by utilizing historical PV power data along with geographical and 

meteorological parameters as inputs [31]. Furthermore, other approaches such as Recurrent 

Neural Networks (RNN) [32], conventional neural networks (CNN) [33], Support Vector 

Regression (SVR), Random Forest (RF) [34], and Long-Short Term Memory (LSTM) models 

[35] were employed to predict PV power, solar irradiance, and cloud cover for standalone 

microgrids. 

In the present study, a Long Short-Term Memory (LSTM) Neural Network data driven 

model is proposed for forecasting photovoltaic (PV) power generation. The implemented 

model employs previous meteorological parameters and PV power generation data to 

accurately predict the future PV power output.  

Therefore, to ensure reliable modelling, the proposed LSTM model is verified using 

various architectures and parameter settings. The obtained optimal LSTM is compared with 

Weighted Linear Regression (WLR) to evaluate the performance of the model. In addition, it 

is tested under different weather condition scenarios (sunny and cloudy) to ensure the 

robustness of the model. 

2. MATERIALS AND METHODS 

2.1. Data sets and features 

In this subsection, the data used in this work was descripted. The historical data includes 

actual solar power and five weather variables: wind speed (WS), ambient temperature (T), 

relative humidity (RH), irradiance (GHI) and wind direction (WD). The output power and 

meteorological parameters were recorded from January 1st, 2014, to January 1st, 2017. To 

minimize the effects of rapidly changes in meteorological conditions, data were recorded every 

5 min [36]. To ensure the integrity and reliability of the dataset, a comprehensive preprocessing 

procedure was implemented to address both outliers and missing values. Outlier detection and 

removal were performed using a multivariate filtering technique based on the Mahalanobis 
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distance, which quantifies the distance of each observation from the multivariate mean while 

accounting for correlations among variables. Observations with Mahalanobis distances 

exceeding a specified threshold typically determined by the chi-square distribution were 

identified as outliers and excluded from further analysis. 

To address the issue of missing data, linear interpolation was employed as a decomposition 

strategy. This method estimates missing values by fitting a straight line between the nearest 

known data points, thereby preserving the temporal continuity and inherent trends within the 

dataset while minimizing the risk of introducing bias. 

2.2. Long-Short-Term Memory Neural Network (LSTM) 

The Long Short-Term Memory (LSTM) network is a type of recurrent neural network 

(RNN) designed to handle both short and long-term dependencies in sequential data more 

effectively. Unlike traditional RNNs, LSTM networks are trained using backpropagation 

through time, which mitigates the vanishing gradient problem that often hampers the learning 

of long-range patterns. 

As illustrated in Figure 1, the architecture of an LSTM network is composed of multiple 

memory cells arranged in layers to process time-series input sequentially. Each of these cells is 

designed to retain and manage information across time steps using internal gating mechanisms 

[37]. 

Each LSTM unit contains a memory cell 𝑐𝑡 and a hidden state ℎ𝑡, which are updated at 

every time step. As shown in Figure 2, the internal structure of an LSTM unit includes three 

key gates: the input gate it, the forget gate ft, and the output gate ot. These gates control the 

flow of information into and out of the cell: 

 Input gate (𝒊𝒕): Determines which new information is allowed into the memory cell. 

 Forget gate (𝒇𝒕): Controls information from the previous cell state 𝑐𝑡−1 that should be 

discarded. 

 Output gate (𝒐𝒕): Regulates the memory cell that is exposed to the output. 

The LSTM unit combines inputs with learned weights and biases, passing them through 

sigmoid or tanh activation functions to compute gate activations. The updated cell state is 

calculated by combining the previous state and the candidate state using the forget and input 

gates, respectively. The final hidden state ℎ𝑡  is obtained by applying a tanh transformation to 

the updated cell state and modulating 𝑖𝑡 with the output gate activation. 

The entire process can be described mathematically as follows (Eq. 1-6) [38-40]: 

Input gate: 

𝑖𝑡 = 𝜎𝑔(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) (1) 

Forget gate: 

𝑓𝑡 = 𝜎𝑔(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓) (2) 

Candidate cell state:  

𝑐̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝐶) (3) 
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Cell state update:  

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐̃𝑡) (4) 

Output gate:  

𝑜𝑡 = 𝜎𝑔(𝑊𝑂 𝑥𝑡 + 𝑈𝑂ℎ𝑡−1 + 𝑏𝑂 (5) 

Hidden state: 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑡) (6) 

    Where: 

𝑥𝑡: input at the current time step, 

ℎ𝑡−1, 𝑐𝑡−1: hidden and cell states from the previous time step, 

𝑊 ∗, 𝑈 ∗: input and recurrent weight matrices, 

𝑏 ∗: bias terms, 

𝜎𝑔: sigmoid activation function, 

𝑡𝑎𝑛ℎ: hyperbolic tangent function, 

⊙: element-wise multiplication. 

 

 
Figure 1. Overview of LSTM interactive layers. 

 

 
Figure 2. Structural diagram of LSTM unit. 

 

2.3. Performance metrics 

Several statistical indicators have been measured to evaluate the performance of the 

developed models, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE) 
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and the coefficient of determination (R2). These can be expressed as follows (Eq.7-9) [41, 42]: 

• Mean Absolute Error (MAE): 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖̂ − 𝑦𝑖|

𝑁

𝑖=1
 (7) 

Where 𝑦𝑖 is the measured output value, 𝑦̂𝑖 is the predicted value, and 𝑁 is the number of 

observations. 

• Root Mean Square Error (RMSE):  

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖̂ − 𝑦𝑖)2𝑁

𝑖=1

𝑁
 (8) 

• Coefficient of Determination (R2):  

𝑅2 = 1 −
∑ (𝑦𝑖̂ − 𝑦𝑖)2𝑁

𝑖=1

∑ (𝑦̅ − 𝑦𝑖)2𝑁
𝑖=1

 (9) 

The flowchart of PV output power prediction using LSTM model is shown in Figure 3: 

 

Figure 3. The prediction process of PV output power. 

3. RESULTS AND DISCUSSION 

3.1. Correlation analysis 

In this study, a correlation analysis has been conducted to select the features to be included 

in the datasets for model training, aiming to create an efficient power output forecaster. 

ee of relationship between 

the variables under consideration. Figure 4 presents the results of this correlation analysis in 

the form of a correlation matrix [43]. 
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Figure 4. Correlation matrix. 

The correlation matrix enables the evaluation of the influence of each variable on the 

others, as indicated by a color gradient (Figure 4).  

A comparative analysis reveals that in the PV output power column, the correlation 

coefficients for wind speed (WS), ambient temperature (T) and irradiance (GHI) are 0.23, 0.47 

and 0.96, respectively. This indicates a positive correlation among these three variables. 

Conversely, negative correlations were observed between PV output power and relative 

humidity and wind direction, with scores of -0.45 and -0.05, respectively. Notably, irradiance 

(GHI) emerged as the most influential variable, while wind direction showed weak 

correlations. 

 
Figure 5. Observed ambient temperature, Irradiance, Wind speed, Relative humidity, Wind direction and Power. 

As a result, the input data has been reduced from five parameters to four. Utilizing the 

correlation matrix is crucial for simplifying model complexity, which subsequently decreases 

the computational load during training. Based on this analysis, the parameters with significant 
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effects on power production (wind speed (WS), ambient temperature (T), relative humidity 

(RH) and irradiance (GHI)) are identified as potential inputs for estimating PV power output. 

Therefore, the input variables used in this study, namely the ambient temperature (°C), 

irradiance (W/m2), wind speed (m/s) and relative humidity (%) of the following data (collected 

every 5 min) from January 1st, 2014 to January 1st, 2017 are represented in Figure 5. 

3.2. PV power forecasting 

After processing outliers and missing values, all inputs and the output are rescaled using 

the min-max normalization technique to map feature data to the range [0, 1]. This is carried 

out using the following formula [44]: 

𝑥̑ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑖𝑛 − 𝑥𝑚𝑎𝑥
 (10) 

Where 𝑥̑ is the normalized data, x is the original data, and 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥  denote the minimum 

and maximum values of a specific feature within the dataset, respectively. 

Before setting up the forecasting model, outliers and missing values in the experimental 

data, resulting from abnormal weather measurement parameters, are removed. The 

normalized data has been divided into 70%, which is randomly assigned to the training set, 

15% to the validation set, and 15% to the test set. 

In this study, robustness test has been conducted of the proposed LSTM model. Therefore, 

the parameter settings and architecture of the models are adjusted to obtain improved 

forecasting results. Seven models with different architectures and parameter settings are 

evaluated using the same training data to assess their impact on model performance (Table 1). 

Table 1. Seven LSTM models with different architectures and parameter settings. 

The hyperparameters that can be adjusted include the learning rate and batch size. 

Additionally, the model architecture can be modified by varying the number of LSTM layers 

and the number of LSTM units (neurons), with the optimizer set to Adam. 

Hyperparameters selection was guided by a trial-and-error procedure, in which multiple 

configurations were tested and evaluated using performance metrics to identify the optimal 

parameters. 

Table 1 presents the performance metrics of seven LSTM models. As shown in this table, 

all models demonstrate the good performances, which proves that LSTM model, trained with 

different architectures and parameter settings, aligns with the actual PV power output. 

However, model 1 is the best among all models, which has the simplest architecture. The 

LSTM 

Models 

LSTM Models parameters Performance 

metrics Architecture Parameter settings 

LSTM layers LSTM Units Batch size learning rate RMSE MAE R2 

Model 1 1 50 128 0.01 0.46 0.28 0.97 

Model 2 1 75 128 0.01 0.53 0.29 0.96 

Model 3 2 50.50 128 0.01 0.49 0.31 0.96 

Model 4 2 50.75 128 0.01 0.54 0.32 0.96 

Model 5 2 75.50 128 0.01 0.49 0.27 0.97 

Model 6 1 500 128 0.01 0.48 0.34 0.97 

Model 7 1 500 128 0.005 0.49 0.32 0.97 

84



Optimized LSTM Neural Networks Model applied for Solar PV Power Prediction 

 

 

 

 

90 

 

Solar Energy and Sustainable Development, Special Issue (MME) , May  2024 

 

 

 

optimal parameter setting and architecture of this model are summarized in Table 2. 

Table 2: Optimal parameters of LSTM Model. 

Parameters Number of LSTM layers 
Learning 

rate 

Number of hidden 

units 
Optimizer Batche size 

Value 1 0.01 50 ADAM 128 

Figure 6 depicts the measured and predicted PV power values over a week. The predicted 

values closely match the measured values, indicating the model's ability to accurately forecast 

short-term PV power output. Minimal deviations between the predicted and actual values 

reflect the effectiveness of the LSTM model in capturing the complex nonlinear relationships 

between the input meteorological variables and the PV power output. 

 
Figure 6. Actual and predicted PV power using the optimized LSTM model. 

Overall, the Figure 6 highlights the robustness and accuracy of the LSTM model for 

predicting PV power, showing its potential for integration into energy management systems to 

enhance grid stability and efficiency. 

Figure 7 presents the frequency distribution of the prediction errors. The range of errors 

 

 
Figure 7. Frequency distribution of the error. 
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This concentration around zero proposes a high level of predictive accuracy and minimal 

bias. However, a minimal moderate error remains, which may be attributed to factors such as 

inherent noise in the data, abrupt changes in temporal dynamics, or the limited capacity of the 

model to capture certain complex patterns that were not well represented during training. 

In addition, the comparison analysis of the LSTM model with the Weighted Linear 

Regression (WLR) model is shown in Table 3, and the dataset for one week is represented in 

Figure 8 to directly reflect this comparison. 

Figure 8 illustrates the results of comparing the two prediction models (LSTM and WLR) 

for one week. Results show that the trend of the predicted values for both models is consistent 

with the real values. However, the degree of correlation between the predicted values and the 

real values is better for the LSTM model than for the WLR model.  

 
Figure 8: Prediction of PV generation with two models LSTM and WLR. 

Furthermore, the obtained LSTM model exceed the WLR model in terms of error metrics. 

Specifically, the values of RMSE, MAE and R2 respectively of the LSTM model are significantly 

improved compared to those obtained by the WLR model. This indicates that the LSTM model 

achieves superior prediction accuracy compared to the WLR model as shown in Table 3. 

Table 3. Comparative analysis between LSTM and WLR. 

Parameters RMSE MAE R2 

LSTM 0.355 0.157 0.986 

WLR 0.424 0.342 0.980 

Additionally, while the WLR model demonstrates good performance, it has limitations 

when dealing with longer datasets. In contrast, the LSTM model maintains its performance and 

accuracy even with extended datasets, highlighting its robustness and suitability for long-term 

forecasting. 

Overall, the LSTM model shows a marked improvement over the WLR model in terms of 

prediction accuracy and reliability, particularly for long-term datasets. 

Subsequently, our optimized LSTM models are tested for the two different subsets to 

explain the influence of weather conditions on the predicted results. These subsets are selected 

according to the weather conditions: sunny and cloudy, as shown in figures 9 and 10, 
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respectively. These results show that under the tested subsets, the predicted PV power of the 

optimized LSTM model is consistent with the change of the actual power. The performance 

metrics had acceptable values as shown in Table 4, indicating that the optimized LSTM model 

has good applicability and reliability for different weather conditions. However, the 

performance metrics of subset 1, corresponding to the sunny week, demonstrate good 

performance compared to the cloudy subset due to stable weather in the sunny conditions. 

Table 4. Performance evaluation in different subsets (sunny and cloudy). 

Subsets RMSE MAE R2 

Subset 1 0.254 0.136 0.988 

Subset 2 0.540 0.444 0.967 

 
Figure 9: The predicted and actual PV power of the LSTM model in a sunny week. 

 
Figure 10: The predicted and actual PV power of the LSTM model in a cloudy week. 

In addition, the computational complexity and runtime of both models were assessed to 

evaluate their practical applicability. Due to its recurrent architecture and nonlinear activation 

functions, LSTM model incurs higher computational costs. In contrast, WLR remains 

computationally efficient, making it more suitable for real-time or resource constrained 

environments. The LSTM model required a significantly longer training time compared to the 

WLR model, highlighting the higher computational demand associated with deep learning 
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approaches. However, in the context of photovoltaic (PV) power prediction, where capturing 

nonlinear and temporal dependencies is essential, the added computational cost of LSTM is 

justified by its significantly improved forecasting accuracy across all evaluation metrics. 

5. CONCLUSIONS: 

This study focused on developing and optimizing an LSTM model for predicting solar PV 

power generation. Initially, a correlation analysis was conducted to assess the impact of 

different input vectors on PV power prediction. Four input vectors were selected for the input 

training dataset. The LSTM model was then optimized by adjusting various parameters and its 

architecture. 

The optimal configuration for the predictive model demonstrated excellent generalization 

capabilities, which make it suitable for application through various datasets. Its performances 

were evaluated on different subsets (sunny and cloudy) to assess its adaptability to varying 

scenarios. 

Through this optimization process, the LSTM model demonstrated good performance for 

predicting solar PV power generation and highlight the potential for accurate and reliable long-

term forecasting in energy management systems. Furthermore, the LSTM architecture was 

designed to model complex dependencies and nonlinear relationships through its recurrent 

structure and internal gating mechanisms. These characteristics enable it to learn long-term 

dependencies and nonlinear dynamics present in the data, which are commonly observed in 

real-world time series. In contrast, WLR assumed a linear relationship between the input 

features and the target variable, which limits its ability for modelling such complexities. 

 

ABBREVIATIONS 

The following abbreviations are used in this manuscript: 

 

𝑇 Temperature 

𝐻𝑅 Humidity relative 

𝑊𝐷 Wind direction 

𝑊𝑆 Wind Speed 

𝐺𝐻𝐼 Irradiance 

RNN Recurrent Neural Network 

𝐿𝑆𝑇𝑀 Long Short-Term Memory network 

𝑊𝐿𝑅 Weighted Linear Regression 

𝑖𝑡 Input gate 

𝑓𝑡  Forget gate 

𝑜𝑡 Output gate 

𝐶𝑡 Cell state update 

𝐶𝑡−1 Cell state from the previous time step 

ℎ𝑡  Hidden state 

ℎ𝑡−1 Hidden state from the previous time step 

𝑋𝑡 Input at the current time step 

𝑊 Matrices for the respective gates 

88



Optimized LSTM Neural Networks Model applied for Solar PV Power Prediction 

 

 

 

 

90 

 

Solar Energy and Sustainable Development, Special Issue (MME) , May  2024 

 

 

 

𝑏 Bias vector 

𝜎 Sigmoid function 

𝑡𝑎𝑛ℎ Hyperbolic tangent function 

𝑀𝐴𝐸 Mean Absolute Error 

𝑅𝑀𝑆𝐸 Root Mean Square Error 

𝑅2 Coefficient of determination 
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