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Abstract. 

Accurate solar irradiation prediction is crucial for optimizing solar energy 

generation and supporting energy management systems. This study addresses the 

challenges of advancing the accuracy of solar irradiance forecasting by developing 

a Hybrid XGBoost-LSTM residual learning model, using historical solar radiation 

data from Lampung Selatan. The results highlight the capability of the Hybrid 

XGBoost-LSTM model as a powerful tool for forecasting solar irradiation, 

providing a more precise and reliable solution compared to standalone methods. 

This is demonstrated by the improvement in R² values from the standalone XGBoost 

predictions, increasing from 0.62 to 0.87 for the training data and from 0.50 to 0.77 

on the testing datasets. In addition, the hybrid model demonstrates a decrease in 

RMSE and MAPE values when compared to standalone XGBoost model, with RMSE 

and MAPE dropping from 0.26 and 4.19% to 0.14 and 2.39% for the training 

dataset, and 0.32 and 5.28% to 0.23 and 3.70% for the testing dataset. These 

findings indicate that the inclusion of LSTM improves the model's ability to refine 

the residuals from XGBoost, capturing intricate temporal dynamics and fluctuations 

in solar irradiance data, making it a more reliable and effective tool for predicting 

solar energy potential in complex environments. 
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I. INTRODUCTION 

The global shift towards renewable energy sources has emerged as a crucial strategy to address climate 

change challenges, enhance energy security, and encourage sustainable growth [1]. Solar energy, as one of 

the most abundant and clean energy sources [2], plays a crucial role in this transition. Solar energy systems, 

commonly known as photovoltaic systems, harness the intensity of radiation emitted by the sun dan thus 

heavily depend on atmospheric and environmental conditions, such as weather, cloud cover, humidity, and 

air pollution [3]. The nonlinear dynamics of atmospheric and environmental conditions can significantly 

influence solar radiation patterns. Solar radiation data exhibits complex nonlinear patterns and temporal 

dependencies influenced by various meteorological factors [4], including solar irradiance, atmospheric 

temperature, humidity, wind velocity, pressure, and cloud cover. These factors fluctuate over time, causing 

solar radiation levels to change dynamically, making accurate forecasting a challenging task [5]. Accurate 

prediction of solar radiation intensity is crucial for enhancing the efficiency and seamless integration of solar 

power systems within the energy grid, especially at the local scale. The conditions at a specific location, 

influenced by surrounding buildings, trees, and other nearby objects, can affect the pattern of solar radiation 

received at that site [6]. This poses a challenge in installing solar panels on buildings, as the intensity and 

distribution of sunlight can vary greatly depending on the surrounding environment. 

Achieving accurate predictions of solar radiation remains a worldwide challenge, prompting 

researchers to utilize various modeling techniques for forecasting [7]. Conventional methods for solar 

radiation prediction, such as empirical models and dynamical approaches, have long been used to estimate 

solar irradiance. These empirical models are typically developed using parameters that correlate with solar 

irradiance, such as sunshine duration-first developed by Ångström in 1924 (Angstrom, 1924) and 

subsequently refined by numerous studies [8], [9], [10], [11], [12], [13], [14], [15], [16], air temperature [17], 

[18], [19], [20], cloudliness [21], [22], and combinations of these along with other related factors [23], [24]. 

Meanwhile, the dynamic approach in solar energy prediction is generally applied based on fundamental 

atmospheric physics principles and is used for large-scale forecasting. Therefore, this approach is less 

effective for predictions on smaller or local scales, especially over short time periods. As an alternative, soft 
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computing techniques are employed to model nonlinear interactions between input and output variables, 

making them more suitable for solar energy forecasting at local scales and shorter time frames [7]. 

In recent years, machine learning (ML) techniques have been widely used to overcome the limitations 

of conventional methods. As a field within artificial intelligence (AI), ML enables systems to identify 

complex nonlinear patterns between input and output data by learning directly from datasets, without 

requiring explicit instructions [25]. ML functions by capturing the stochastic dependency between the past 

and future, helping to decrease the computational complexity [7]. Technically, ML integrates database 

technologies with statistical methods to identify correlations, uncover hidden patterns, and extract valuable 

information from large datasets. Two main approaches for modeling and forecasting: the traditional 

technique, which depends on one independent model, and the advanced machine learning algorithms, such as 

boosting, bagging, and random forest [26]. One popular and effective ensemble learning method that belongs 

to the boosting family is Extreme Gradient Boosting (XGBoost). This method is renowned for its high 

efficiency, scalability, and predictive accuracy [27]. The algorithm enhances traditional gradient boosting by 

incorporating several advanced features that improve both model performance and computational speed [28]. 

Several studies have been used XGBoost for solar radiation predictions [29], [30], [31], [32] and 

demonstrating high accuracy for modeling complex feature interactions in structure data. Meanwhile, the 

LSTM (Long Short-Term Memory) method, a branch of deep learning, can learn temporal dependencies in 

sequential data. This method was introduced to address the limitations of Recurrent Neural Networks (RNN) 

in managing long-term dependency problems [33]. Since weather prediction involves complex temporal 

relationships in which historical conditions influence future states, LSTMs have been widely adopted owing 

to their capability to model long-term dependencies [34]. Numerous studies have demonstrated the 

effectiveness of LSTM-based models for solar radiation forecasting across different climatic conditions and 

prediction horizons [25], [35], [36]. 

Building on the strengths of both XGBoost and LSTM, this research proposes a hybrid XGBoost and 

LSTM through residual learning for advancing solar radiation forecasting. In this framework, XGBoost is 

employed to capture and predict the primary patterns and relationships present in the meteorological data. 

Subsequently, the LSTM model focuses on learning and correcting the residual errors left by the XGBoost 

predictions, especially excelling in modeling the nonlinear and sequential dependencies inherent in solar 

radiation series. The hybrid approach aims to enhance prediction accuracy by leveraging both algorithms' 

strengths, especially in addressing the challenges posed by the nonlinear and temporal nature of solar 

radiation [37]. This research employs a case study in Lampung Selatan to evaluate the performance of the 

proposed hybrid model in forecasting solar radiation. 

 This region is known for its significant solar energy potential and local climatic variability. This focus 

on Lampung Selatan aligns with broader regional analyses highlighting the province’s prominent role in 

renewable energy development in Sumatera. A recent study employing the Inverse Distance Weighting 

(IDW) interpolation technique identified Lampung Province as having the highest renewable energy 

potential in Sumatera, with an average solar capacity of 1416.676 kWh for a 1 kW power plant, surpassing 

other provinces such as the Riau Islands and North Sumatra [38]. The increasing need for renewable energy 

over almost four decades highlights the strategic importance of accurate solar radiation forecasting in this 

area. By utilizing historical meteorological variables specific to the area—such as sunshine duration, 

humidity, temperature, and wind speed—the research demonstrates the model’s capability to provide 

accurate and reliable solar radiation forecasts. Utilizing meteorological variables-related factors to forecast 

solar radiation is a recognized method since solar radiation reaching the ground is strongly linked to these 

variables. 

 

II. RESEARCH METHODOLOGY 

Study Area and Data Exploration 

This study is conducted in Lampung Selatan, a regency located in the southern part of Lampung 

Province, Indonesia. Geographically, Lampung Selatan has a unique characteristic as it directly borders the 

Sunda Strait to the east and the Indian Ocean to the south. These coastal boundaries position Lampung 
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Selatan as a region significantly influenced by maritime factors, which affect its local climate and weather 

patterns. Additionally, this area is located near the equator, so the maximum possible sunshine duration 

typically reaches around 12 hours near the equinoxes (March and September), when day and night are 

approximately equal worldwide. During other periods, the duration may vary slightly due to the Earth's axial 

tilt, but it remains close to 12 hours daily at equatorial latitudes throughout the year.  

The dataset for this research comprises two primary components: solar irradiance data, which serves as 

the target variable to be predicted, and meteorological data, which function as predictor variables. The solar 

irradiance data are obtained from NASA’s Prediction of Worldwide Energy Resources (POWER) satellite 

database. This satellite-derived data serves as a reliable and comprehensive source for measuring solar 

irradiance at the spesific location, especially in areas where ground-level radiation observations are scarce or 

nonexistent. The meteorological data are sourced from BMKG (Indonesia’s Meteorological, Climatological, 

and Geophysical Agency), specifically from the Radin Inten Meteorological Station located in Lampung 

Selatan. These data include essential atmospheric variables such as sunshine duration, temperature, humidity, 

precipitation, and wind speed. By integrating satellite solar irradiance data with weather information 

gathered locally, the research intended to create a robust predictive model for solar radiation that accurately 

reflects both regional atmospheric conditions and the potential for solar energy. The data used in this study 

consists of monthly observations spanning the period from January 1993 to June 2024. All variables, except 

for precipitation, represent the average of daily measurements within each month. Precipitation data, 

however, is recorded as the total accumulation over the entire month. A detailed description of the dataset, 

along with the variable names used in the modeling process, is provided in Table 1. 

Table 1. Description of meteorological data set 

Parameter Dataset Name Unit 

Solar irradiance Irradiance kW-h/m2 

Sunshine duration Sun_Duration Hour 

Average temperature Temp_avg °C 

Minimum temperature Temp_min °C 

Maximum temperatur Temp_max °C 

Relative humidity Humidity %/ 

Precipitation Prec Mm 

Average wind speed Wind_avg m/s 

Maximum wind speed Wind_max m/s 

Wind direction wind_direct ° 

Any clearly erroneous or inconsistent data in the datasets such as impossible humidity values or non-

numeric text in numeric fields—are identified and addressed using interpolation methods. Interpolation is 

commonly applied to fill missing or problematic values by estimating them based on surrounding data, 

enhancing its effectiveness for time series data due to its consideration of temporal patterns (Picornell et al., 

2021). Additionally, incomplete or noisy data are cleaned to prevent bias during model training. 

Predictor Selection with Correlation AnalyAn initial step was taken to evaluate the strength and direction       

Fig. 1. The Spearman’s correlation rank between solar radiation and other meteorological parameters 

of the relationship between each meteorological parameter and solar irradiance by performing correlation 

analysis using Spearman’s method. The results of this correlation analysis were subsequently used to identify 

which meteorological parameters have the strongest association with solar radiation. By determining these 

1427 

https://ijsenet.com/


International Journal of Science and Environment 
 

https://ijsenet.com 

key parameters, the study ensures that only the most relevant predictors are incorporated into the modeling 

process, thereby improving the accuracy and efficiency of solar radiation forecasting. 

Spearman’s rank correlation coefficient is a nonparametric measure that evaluates the monotonic 

relationship between variables by considering their ranked values rather than their raw data. This makes it 

suitable for detecting consistent increasing or decreasing relationships, even if they are not linear [39]. The 

relationship can be characterized as either negative or positive on one side, and as either weak or strong on 

the other. The coefficient value ranges between -1 and +1. The value of +1 signifies a flawless positive 

monotonic connection, indicating that when one variable rises, the other variable also steadily rises. On the 

other hand, the value of -1 indicates a perfect negative monotonic relationship, meaning that an increase in 

one variable is consistently associated with a decrease in the other. A coefficient close to zero implies little to 

no monotonic relationship between the variables [39]. This flexibility allows Spearman’s correlation to 

detect nonlinear associations, which are common in meteorological datasets.  

Spearman’s correlation rank between solar radiation and other meteorological parameters was used as 

a criterion to identify the most influential meteorological variables affecting solar irradiation, as shown in 

Figure 1. The graph clearly shows that sun duration (Sun_Duration) and maximum temperature (Temp_max) 

have the strongest positive correlations with irradiance, with correlation coefficients of approximately 0.53 

and 0.55, respectively. This indicates that longer periods of sunlight and higher peak temperatures are 

strongly associated with higher irradiance values. This finding is understandable since irradiance indicates 

the strength of solar radiation that arrives at the Earth's surface. Therefore, longer periods of sunlight and 

elevated maximum temperatures directly lead to a greater amount of solar energy being received. This is 

consistent with results from a study [40], which indicates that air temperature exhibits a similar pattern, with 

lower temperatures in winter and higher temperatures in summer. Additionally, research [41] confirms that 

higher solar radiation is associated with longer sunshine durations. In contrast, humidity shows a notable 

negative correlation with irradiance at approximately -0.44, suggesting that higher humidity levels are linked 

to lower solar irradiance. This is reasonable because a higher concentration of moisture in the form of water 

vapor results in increased absorption and backscattering of solar radiation, which ultimately decreases the 

quantity of solar radiation that reaches the Earth's surface [4]. Additionally, increased moisture in the air 

often leads to cloud formation or fog, which obstructs sunlight from reaching the ground [42]. 

Other variables such as average temperature (Temp_avg) and maximum wind speed (Wind_max) 

exhibit moderate positive correlations with irradiance, with values around 0.33 and 0.34. The average 

temperature is determined based on the temperature throughout the entire day, including at nighttime hours 

when the sunlight is absent. Consequently, the average temperature is also affected by various factors 

including air quality and humidity levels. Wind speed can affect the movement of dust and clouds. The faster 

the wind, the more it enhances the transmission of solar radiation [4]. Conversely, it might lead the sky to 

become darker, reducing the quantity of solar radiation passing through the atmosphere [43]. Therefore, the 

relationship between these two parameters and solar radiation can be considered quite complex. Meanwhile, 

Precipitation (Prec), Minimum Temperature (Temp_min), and Wind Direction (Wind_direct) show the 

lowest correlations with solar irradiance. The increase in cloud cover and humidity caused by precipitation 

can lead to a decrease in the amount of solar radiation reaching the Earth's surface, but its impact on 

irradiation is inconsistent. Precipitation is often sporadic and only significantly blocks solar radiation during 

heavy or sustained rainfall. Minimum temperature occurs at night, before sunrise, reflecting cooler 

temperatures due to heat loss. Since solar radiation is absent during the night, minimum temperature is 

affected by factors like humidity and atmospheric conditions, which are not directly linked to sunlight. At the 

same time, while wind can influence weather patterns, the connection between wind direction and solar 

radiation is restricted. 

Based on the Spearman Rank Correlation results that shown in Figure 1, the study selected three key 

parameters as predictors of solar radiation: sun duration, maximum temperature, and humidity. These three 

parameters show significant correlations with solar radiation, both positive and negative.  Sun duration and 

maximum temperature have a strong positive correlation, while humidity is negatively correlated with solar 
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radiation. By selecting three parameters, the research developed a more accurate model for predicting solar 

radiation, which can be beneficial for applications like solar energy development and climate analysis. 

Algorithm Implementation and Training 

1. Data Preprocessing 

Data preprocessing is an essential step that must be completed prior to the start of the modeling 

process. This step is regarded as one of the essential elements contributing to the success of ML models. 

Several issues in data quality can make it difficult for algorithms to extract meaningful information, which in 

turn impacts the model’s performance. Data preprocessing transforms or encodes the data into a format that 

allows the machine to efficiently process and analyze it. In other words, this step ensures that the model can 

promptly analyze the features of the data [44]. Since missing values and outliers had already been handled in 

Section 2.1 and feature selection has already been conducted in Section 2.2, this step focused primarily on 

the following: 

a. Splitting the Data: The dataset is divided into training and testing subsets. 80% of the data is 

allocated for training the model, while the remaining 20% is designated for testing. This guarantees that the 

model is assessed using other data, enabling to measure its capacity to generalize. 

b. Scaling Features and Target using StandarScaler normalization methods. This step is required when 

the dataset includes features with varying scales. Normalization is carried out to equalize all features, 

ensuring that no feature dominates the learning process due to its scale (Maharana et al., 2022). The 

StandardScaler uses z-score normalization for transforming normal variants to standard score format. This 

transformation yields datasets that have a mean of 0 and a standard deviation of 1, as illustrated in the 

equation below: 

𝑦𝑖 = 𝑧 =
𝑦𝑖−𝑦̅𝑖

𝜎
    (1) 

Where 𝑦̅𝑖, and 𝜎 representing the mean and standar deviation of each data point (𝑦𝑖) [45]. 

2. XGBoost Implementation 

XGBoost is an effective and widely used ML method based on tree boosting that was introduced by 

Chen and Guestrin [28]. Tree boosting involves combining multiple decision trees sequentially to improve 

the model's accuracy by correcting errors from previous trees. XGBoost, specifically, is a highly scalable and 

efficient system designed for large datasets. It offers an end-to-end solution, handling everything from data 

preprocessing to model evaluation. Decision tree-based optimization techniques in XGBoost are built upon 

the gradient descent method. The approach is used to optimize the loss function, and regularization 

parameters are used to prevent overfitting [28]. The boosting method refers to the process of training models 

sequentially where the outcomes from each weak learner's training affect the training of the subsequent 

model. The predicted value/output of XGBoost is represented in the equation below [46]: 

𝑦̂𝑖
(𝑡)

= ∑ 𝑓𝑘
𝑡
𝑘=1 (𝑥𝑖) = 𝑦̂𝑖

(𝑡−1)
+ 𝑓𝑡(𝑥𝑖), 𝑓𝑡 ∈ 𝐹  (2) 

Where: 

𝑦̂𝑖
(𝑡)

 is the final predicted value 

𝑡 is the total number of trees in the model 

𝑓𝑘(𝑥𝑖) is the prediction made by the 𝑘-th tree for the input 𝑥𝑖 

𝑦̂𝑖
(𝑡−1)

 is the predicted value at the prior iteration 

𝑓𝑡 is 𝑡-th regression trees 

𝐹 denotes the collection of all regression trees. 

The complete XGBoost prediction equation combines both the loss function and the regularization 

term to optimize the model during training, which is known as the objective function (𝑂𝑏𝑗(𝜃)). This study 

used reg:squarederror as the objective function which is shown in the following equation: 

    𝑂𝑏𝑗(𝜃) = ∑ [(𝑦̂𝑖 − 𝑦𝑖)
2] + (𝛾𝑇 +

1

2
𝜆 ∑ 𝑤𝑗

2𝑇
𝑗=1 )𝑁

𝑖=1   (3) 

 

Where: 

𝑁 is number of training data samples 
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𝛾 is a regularization parameter controlling the complexity of the model 

𝑇 is the number of leaves (or nodes) in the tree 

𝑤𝑗 is the weight associated with leaf 𝑗 

𝜆 is the regularization parameter for the tree's weights. 

The XGBoost model was configured with the following parameters: the objective function was set to 

"reg:squarederror" for regression tasks, the learning rate was 0.01 to control the step size in minimizing the 

loss, the maximum depth of trees was set to 3, and 300 trees were built (N_estimators). After training, the 

XGBoost model generated predicted solar irradiance values for both the training and test datasets. The 

forecasts were subsequently compared to the real values to determine the residuals, indicating the variations 

between the expected and actual irradiance. The residuals represented the portion of the variance in solar 

irradiance predictions that could not be captured by XGBoost and were passed to the LSTM model for 

further refinement. Before being input into the LSTM model, the residuals were scaled using StandardScaler 

to standardize the data. 

3. LSTM Implementation 

LSTM (Long Short-Term Memory) networks were developed to overcome the challenges faced by 

traditional Recurrent Neural Network (RNN) in managing long-term dependencies in sequential data  [33]. 

While RNNs have a hidden state updated at each time step and can process sequential information, they 

struggle to retain long-term memory due to the vanishing gradient problem. LSTMs improve upon this by 

introducing additional gates and memory units that control the flow of information, allowing them to 

effectively remember and process longer sequences. This architecture allows LSTMs to arrest more complex 

temporal patterns and long-term dependencies, making them appropriate for time series analysis and other 

tasks involving sequential data [47].  

An LSTM unit consists of four main components, each playing a critical role in managing the flow of 

information over time. The first three components, the forget gate, input gate, and output gate, are 

responsible for selecting which information is relevant at each time step. The Forget Gate determines which 

information should be removed from the memory cell, utilizing a sigmoid function 

to generate values ranging from 0 to 1. The input Gate identifies the new information that should be 

incorporated into the memory cell, also outputting a value between 0 and 1. The output Gate regulates the 

information to be output from the memory cell, allowing the model to utilize relevant information for 

subsequent predictions. The fourth component, known as the memory cell, retained information to be added 

to the cell state [48]. 

Figure 2 shows the working of an LSTM, that begins with the input data (𝑥𝑡) and the hidden state 

(ℎ𝑡−1) from the previous step, which are carried by the cell state and processed by all the gates. The forget 

gate (𝑓𝑡) first decides which information should be retained or discarded. This is processed using the sigmoid 

function (𝜎), producing values between 0 and 1. The input gate (𝑖𝑡) then receives the information to be 

combined and processed into the cell state, also using the sigmoid function (𝜎), which generates values 

between 0 and 1 to control how much new information will be added to the memory. The candidate cell (𝐶̃𝑡) 

generates new information that can be inserted into memory using the 𝑡𝑎𝑛ℎ function, producing values 

within the range of -1 to 1. The cell state is updated by combining the information retained by the forget gate, 

new information from the input gate, and the candidate memory. Next, the output gate (𝑜𝑡) selects which part 

of the cell state will be output at a given time. The sigmoid function (𝜎) is utilized again to generate values 

ranging from 0 and 1, which regulates the amount of cell state information that will be forwarded as the 

output. The result of the output gate is subsequently utilized as the hidden state (ℎ𝑡), which will be passed to 

the next phase in the LSTM or serve as the final output of the model. 
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Fig. 2. LSTM architecture 

The objective of this section is to combine the predictive power of XGBoost with the sequential 

learning ability of LSTM networks to create a hybrid model that improves the accuracy of solar radiation 

prediction. This hybrid approach leverages the strengths of both models: XGBoost is effective at capturing 

non-linear relationships and handling structured data, while LSTM networks are capable of modeling time 

dependencies in residuals that can improve predictions over time. LSTM model was configured with a 

lookback length of 12, meaning the model used the past 12 time steps to predict future residuals. The batch 

size was set to 32, determining how many samples are processed before updating the model's weights. The 

LSTM model is composed of two layers: Both LSTM layers with units are set based on hyperparameter 

tuning, followed by a Dropout layer to prevent overfitting. The model was assembled utilizing the Adam 

optimizer with a learning rate set through a search for optimal hyperparameters, alongside the mean squared 

error as the loss function. Early stopping was utilized to monitor validation loss, halting the training if no 

improvement occurred after 10 epochs. To optimize hyperparameters, Keras Tuner was utilized to identify 

the most suitable architecture for the LSTM model by conducting a random search on parameters including 

the quantity of LSTM units, dropout rate, and learning rate. 

4. Metric Evaluation 

Following the training of the models, their effectiveness was assessed on the test set through various 

established metrics to evaluate the precision of the predictions. These metrics consist of R² (Coefficient of 

Determination), MAE (Mean Absolute Error), and RMSE (Root Mean Squared Error), with each offering 

distinct perspectives on the model's ability to make predictions. The R² value measures the proportion of the 

variance in the target variable that is explained by the model [49]. An R² value close to 1 suggests that the 

model accounts for a significant portion of the variance, indicating that the model's predictions are in close 

agreement with the real values. RMSE gives an estimate of the standard deviation of the residuals (errors in 

prediction), indicating how much the errors vary, offering a sense of how spread out the errors are. Unlike 

RMSE, MAE treats all errors equally, without penalizing larger errors more than smaller ones. This makes 

MAE a useful metric when it is important to assess how far off the predictions are on average [50]. 

Mathematically, R², RMSE, and MAE are calculated as: 

𝑅2 = 1 −
∑ (𝑥𝑖−𝑦𝑖)

2𝑚
𝑖=1

∑ (𝑦̅−𝑦𝑖)
2𝑚

𝑖=1

    (4) 

𝑅𝑀𝑆𝐸 = √
1

𝑚
∑ (𝑥𝑖 − 𝑦𝑖)

2𝑚
𝑖=1    (5) 

 

𝑀𝐴𝐸 =
1

𝑚
∑ |𝑥𝑖 − 𝑦𝑖|
𝑚
𝑖=1     (6) 

Where: 

𝑥𝑖 is the actual values 

𝑦̅ as mean of the actual values 

𝑦𝑖 is the predicted values 

𝑚 as number of data points 
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III. RESULT AND DISCUSSION  

The prediction performance on the training and testing datasets, based on evaluation metric results 

from the XGBoost, Hybrid XGBoost-LSTM, Random Forest (RF), and Support Vector Regression (SVR) 

methods, is shown in Table 2. The performance results of the standalone XGBoost model are presented as the 

primary comparison, and the two other methods, namely RF and SVR, are used as additional comparisons to 

assess the effectiveness of the hybrid XGBoost-LSTM model in predicting solar irradiation. 

Tabel 2. Evaluation of metrics values 

Methods Training Dataset Testing Dataset 

R2 RMSE MAPE R2 RMSE MAPE 

XGBoost 0.62 0.26 4.19% 0.50 0.32 5.28% 

Hybrid XGBoost-LSTM 0.87 0.14 2.38% 0.77 0.23 3.70% 

RF 0.75 0.21 3.41% 0.51 0.31 5.12% 

SVR 0.52 0.30 4.64% 0.37 0.33 5.31% 

As an additional comparison, RF and SVR yield lower results on both the training and testing datasets. 

While RF performs relatively well in capturing data relationships, showing an R² of 0.75 on the training data, 

it experiences a significant drop on the testing data, with R² falling to only 0.51. Higher MAPE and RMSE 

values on the testing data also suggest that RF struggles with generalization compared to XGBoost or the 

Hybrid XGBoost-LSTM model. SVR, on the other hand, shows even poorer performance, with an R² of just 

0.37 on the testing data and a higher MAPE of 5.31%, reflecting the model's difficulty in capturing the data's 

complexity. 

The standalone XGBoost model demonstrates more reliable performance compared to the RF and 

SVR methods. XGBoost achieves an R² of 0.62 on the training data, indicating that the model explains 

around 62% of the variance in the data, and 0.50 on the testing data, capturing half of the data variation. 

While XGBoost's R² value is lower than that of RF on both training and testing data, the difference between 

the training and testing values suggests that XGBoost is more stable and reliable in generalizing predictions. 

This is also reflected in its lower RMSE and MAPE values. 

On the other hand, the Hybrid XGBoost-LSTM residual learning approach significantly improves 

prediction accuracy. The addition of the LSTM layer to process residual data for further prediction proved to 

provide more reliable results compared to the three standalone methods. The results from this hybrid model 

show significant improvement, with the R² on the training data increasing drastically to 0.87, and much 

lower RMSE (0.14) and excellent MAPE (2.38%). Even on the testing data, the model still maintains a very 

good R² of 0.77, with low RMSE (0.23) and MAPE of 3.70%. The substantial increase in R² and the decrease 

in RMSE and MAPE indicate that this hybrid approach effectively addresses the limitations of XGBoost 

when working independently. Therefore, while XGBoost performs well on its own, the Hybrid XGBoost-

LSTM model shows a significant improvement in solar irradiation prediction accuracy, both on the training 

and testing data. The use of LSTM to capture temporal patterns that XGBoost alone struggles to handle 

makes this approach more effective in addressing the challenges in solar irradiation prediction. 

Figure 3 illustrates a comparison between the actual solar irradiance values (blue line) and the 

predicted values (green dashed line for XGBoost and red dashed line for the Hybrid XGBoost-LSTM 

model). Both models perform well in following the overall trend of the data, but there are notable differences 

in the level of accuracy and their ability to respond to rapid changes in the data. The XGBoost model (green 

dashed line) tends to provide more stable and smoother predictions. While it captures the general patterns of 

the solar irradiance, it shows larger deviations during sudden spikes or drops in the data. This model appears 

slower to react to significant changes, which suggests that XGBoost might have limitations in detecting and 

responding to rapid fluctuations. This could be due to its inability to fully capture complex,  non-linear 

relationships within the data, as it relies on tree-based methods that perform well with simpler, more 

predictable trends. 
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Fig. 3. Predicted versus actual solar radiation by the standalone XGBoost model (green dashed line) 

and the Hybrid XGBoost-LSTM Residual Learning Model (red dashed line) 

On the other hand, the Hybrid XGBoost-LSTM model (red dashed line) demonstrates better 

performance, especially in capturing rapid and complex fluctuations in the data. The predictions from the 

hybrid model align more closely with the actual solar irradiance values, particularly during moments of sharp 

changes. This shows that the LSTM component of the hybrid model is more adaptive and sensitive to non-

linear patterns in the data. The LSTM model’s ability to learn from sequential data allows it to detect and 

react to dynamic changes more effectively than XGBoost alone. Overall, the Hybrid XGBoost-LSTM model 

outperforms XGBoost in predicting solar irradiance, particularly in scenarios involving rapid or complex 

changes in the data. However, the choice of the model should depend on the specific needs of the task. 

XGBoost may be a more efficient option when the goal is to prioritize prediction stability and faster 

computations, while the Hybrid XGBoost-LSTM model is more suitable for cases that require deeper 

modeling of non-linear and sequential patterns in the data. 

 

IV. CONCLUSION  

In this study, the Hybrid XGBoost-LSTM model was employed to forecast solar irradiance using the 

most influential historical meteorological data. The most influential features, including maximum 

temperature, humidity, and sun duration, were selected through Spearman’s correlation analysis. The results 

demonstrated that this hybrid approach effectively captures both linear and non-linear patterns in the solar 

irradiance data, outperforming other methods. The hybrid model achieved the highest R² values on both the 

training and testing data compared to the three standalone methods (XGBoost, RF, and SVR), with 0.87 on 

the training data and 0.77 on the testing data. This indicates its ability to capture both general trends and 

complex fluctuations in solar irradiance. Similarly, the RMSE and MAPE values were notably lower, with 

0.14 and 2.38% on the training set, and 0.23 and 3.70% on the testing set, respectively, highlighting the 

hybrid model’s higher prediction accuracy compared to other models. 

The combination of XGBoost and LSTM proved to enhance prediction accuracy compared to using 

XGBoost alone, with XGBoost handling the general trends in the data while LSTM captures the temporal 

dynamics of the residuals, i.e., the errors in the initial predictions. This improvement is clearly seen in the 

increase in R² values on both the training and testing data in the hybrid model compared to the standalone 

XGBoost model. Specifically, the R² increased from 0.62 for XGBoost on the training set to 0.87 in the 

hybrid model, and from 0.50 on the testing set for XGBoost to 0.77 in the hybrid model, showing a 

significant improvement in the model’s ability to generalize and predict solar irradiance more accurately. 

This study also highlights that the hybrid approach is more reliable than standalone methods when 

dealing with complex datasets, such as solar irradiance data, which involves intricate time-dependent 
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relationships. When faced with intricate, high-dimensional, or non-linear data, using a single model might 

not be sufficient to fully capture the information of the data. This is especially true for solar irradiance, 

where variations can be influenced by multiple factors like weather conditions, time of day, and seasonal 

changes. With the presence of LSTM for learning from the residuals, the prediction values that were initially 

provided by XGBoost can be further refined by capturing the temporal patterns and fluctuations that 

XGBoost may not fully account for. 

Despite the superior performance of the Hybrid XGBoost-LSTM model compared to other standalone 

methods, prediction accuracy still has potential for further enhancement. Given that this study has already 

used an advanced and reliable hybrid method, prediction accuracy could potentially be enhanced by 

incorporating a wider range of predictors, such as factors related to environmental activities, or by using a 

longer time span, allowing the model to learn more about the data trends. 
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