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Abstract  

Solar energy produced by photovoltaic panels is a vital energy source that offers numerous benefits to both the environment and society. 

However, meteorological variables such as solar irradiation, weather patterns, precipitation and climate conditions present significant 
challenges to seamless energy integration into the power grid. Accurate forecasting is essential to maintain supply-demand balance, 

optimize energy storage and ensure grid stability. This study leverages machine learning (ML) techniques to predict solar power 

generation and address renewable energy integration challenges. Nine ML models were employed, including linear regression, auto 

regressive integrated moving average (ARIMA), artificial neural network (ANN), support vector machines (SVM), random forest (RF), 
decision tree, gradient boosting machine (GBM), light gradient boosting (LGBM) and extreme gradient boosting (XGBM). Inputs such as 

irradiance, humidity, minimum temperature, maximum temperature and surface pressure were used to train these models. The model 

performances were evaluated using metrics like root mean squared error (RMSE), mean absolute error (MAE) and mean absolute 

percentage error (MAPE). The results highlighted ANN as the most effective model, achieving an RMSE of 274.84 kWh, MAE of 245.93 kWh 
and a MAPE of 5.26 %. This research contributes to the existing literature by addressing the relatively unexplored application of multiple 

machine learning models for predicting energy output from photovoltaic systems. A key novelty of this study is its ability to achieve 

accurate solar power forecasts using a limited dataset from a newly installed solar power plant, unlike many existing studies that rely on 

large volumes of data. Additionally, it explores the solar power production potential of Namakkal district in Tamil Nadu, India-a region 
with limited prior research.   

Keywords: artificial intelligence; machine learning; renewable energy; solar power prediction   

Introduction 

Photovoltaic (PV) technology presents a viable alternative to 

fossil fuel-based energy sources, offering a sustainable 

solution to reduce greenhouse gas emissions (1). This is 

mainly attributed to the abundant solar resource, decreasing 

installation costs and ease of deployment of PV panels. One 

of the significant challenges in the solar industry is the 

unpredictable nature of solar energy production, which 

largely depends on weather conditions such as sunlight 

intensity, rainfall and cloud cover. This intermittent nature of 

solar power poses challenges for both power grids and end-

users, potentially leading to disruptions in appliances and 

daily activities (2). Such variability can cause inconvenience, 

discouraging users from adopting this technology. Therefore, 

precise forecasting of PV power is essential for various 

applications, including energy management systems that 

facilitate the integration of solar energy with smart buildings, 

electric vehicles and energy storage systems (3, 4). 

 The accuracy of PV generation forecasting models 

depends on several factors, including the forecasting time 

horizon, data resolution, geographical location, meteorological 

variables and data quality. Based on the time horizon, 

forecasting can be classified broadly into different categories. 

Very short-term forecasting, which ranges from seconds to 

minutes, is primarily utilized for managing PV systems and 

microgrids (5). This timeframe is essential for real-time control 

operations such as inverter regulation, frequency balancing 

and immediate energy dispatch, all of which are critical for 

ensuring grid stability and avoiding sudden power fluctuations. 

Short-term forecasting, covering a period of 48 to 72 hr, plays a 

critical role in operational control and unit commitment (6). It 

supports decisions related to energy trading, load balancing 

and scheduling of conventional power plants, helping to 

optimize generation costs and resource use.  

 Medium-term forecasting, which spans several days to a 

week, is important for maintenance scheduling, fuel 

http://horizonepublishing.com/journals/index.php/PST/open_access_policy
https://crossmark.crossref.org/dialog/?doi=10.14719/pst.8861&domain=horizonepublishing.com
https://doi.org/10.14719/pst.8861
mailto:radha@tnau.ac.in
https://doi.org/10.14719/pst.8861


KHADEEJA ET AL  2     

https://plantsciencetoday.online 

purchasing and energy storage planning. It provides utilities 

with the insight needed to plan operations over a slightly 

longer horizon, especially during variable weather conditions. 

Long-term forecasting extending from a few months to years, is 

vital for strategic planning, infrastructure development, 

investment decisions and policymaking. It supports capacity 

planning, grid expansion and evaluation of long-term 

renewable integration strategies under changing climatic and 

economic conditions (7). Many existing models are limited in 

their ability to incorporate real-time weather dynamics, which 

can hinder effective planning and compromise grid stability (8).  

 Statistical approaches like ARIMA, physical models such 

as solar cell modelling and the use of satellite images are also 

employed to predict solar module power generation (9–11). 

However, ML has demonstrated remarkable performance in 

forecasting due to its ability to handle complex data effectively. 

ML models employ advanced algorithms to analyse factors 

such as geographical location, weather conditions and solar 

panel efficiency (12). By integrating historical data with real-

time weather information, these models provide accurate and 

reliable predictions of solar energy output. In recent years, the 

application of ML in solar forecasting has gained considerable 

attention, with numerous studies highlighting its potential to 

improve the accuracy and reliability of solar energy predictions. 

 Previous research utilized long short-term memory 

(LSTM), random forest, support vector machine (SVM) and ARIMA 

to predict energy generation and demand patterns (13). In one 

study, different regression techniques, such as least squares and 

SVM with multiple short-term functions (MSTF), were compared 

to develop prediction models (14). Meanwhile, some researchers 

employed the LGBM and K-nearest neighbors (KNN) for their 

work (15). Additionally, methods such as ANN, averaged 

perceptron, Bayes point machine, decision forest, decision 

jungle, LGBM, locally deep SVM, logistic regression, SVM and 

XGBM also used for prediction purpose (16).  

 Since solar radiation is the most influential variable 

affecting power generation, numerous studies have focused on 

forecasting solar radiation where measured data is available 

(17). Various ML and deep learning techniques have been 

applied for solar radiation and power generation forecasting, 

with ANN and SVM being the most commonly used methods 

(18). For time series problems, ANN like convolutional neural 

networks (CNNs), recurrent neural networks (RNNs), LSTM 

networks, gated recurrent units (GRU) and their bidirectional 

versions (Bi-GRU and Bi-LSTM) are widely adopted due to their 

high effectiveness (19). Additionally, a stacked autoencoder is 

often used as an efficient feature extraction technique (20).  

 This study stands out by applying a comprehensive 

comparison of nine machine learning models, including 

linear regression, ARIMA, ANN, SVR, RF, decision tree, GBM, 

LGBM and XGBM-to predict solar power generation. Unlike 

previous researches, which often relies on extensive datasets 

from established solar power systems, this work focuses on a 

newly installed solar power plant at Namakkal district in 

Tamil Nadu, India. By addressing the challenges of limited 

historical data and localized meteorological information, this 

study offers valuable insights into the practical application of 

ML models in emerging solar energy projects.   

 

Materials and Methods  

This section provides a comprehensive overview of the data 
sources, pre-processing techniques and the methodology 
employed to develop machine learning models-including 
linear regression, ARIMA, ANN, SVM, decision tree, random 
forest (RF), gradient boosting machine (GBM), LGBM and XGBM-
for accurate daily solar power prediction. Fig. 1 illustrates the 
complete process flow for solar power estimation. 

Data description         

Data was obtained from a solar power plant situated in 
Namakkal, Tamil Nadu, India, with a total generation capacity 
of 1 MW across an area of 4 acres. The dataset comprises seven 
months of daily observations, covering 214 days from April 1, 
2024 to October 31, 2024. To visualize the temporal variation in 
solar power generation over the study period, the time series 
plot of daily solar power output is presented in Fig. 2. 
Meteorological parameters, including irradiance, humidity, 
minimum temperature, maximum temperature and surface 
pressure, which were unavailable at the site, were sourced 
from the NASA website (https://power.larc.nasa.gov). To align 
the data with the study location, spatial resolution adjustments 
were made by selecting the nearest grid point corresponding to 
the target block in Namakkal district. Since the site data was in 
a raw format, pre-processing was necessary before using it for 
estimation. Key pre-processing steps involved handling 
missing values, removing duplicates and outliers. 

Software and equipment  

Our program is executed on Google Colab, allowing us to write 
and run Python code directly from the website. The processing 
is performed on a system equipped with an AMD Ryzen 5 5600H 
processor (6 cores, 12 threads), 8 GB of memory and hardware 
acceleration provided by Nvidia's GeForce GTX 1650. 

 

 

Fig. 1. Flowchart showing the methodology for solar power prediction.  
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Data collection and pre-processing       

The data collected from the site was initially in raw form, 
requiring pre-processing before it could be used for estimation. 
The key pre-processing tasks included removing duplicate 
values, interpolating missing data, detecting outliers and 
normalizing the dataset. Additionally, since it is a time series 
dataset, a stationarity test was conducted. 

Removal of duplicates and interpolation for missing values         

The collected meteorological data contained missing and 
duplicated values. As part of the pre-processing procedure, 
duplicate values were removed and the missing values were 
estimated using linear interpolation. 

Detection of outliers        

As part of the data pre-processing stage, outlier treatment was 
applied to enhance data quality and ensure the robustness of the 
prediction models. Due to the inherently volatile nature of solar 
power generation, the dataset contained several anomalous 
spikes and drops. Outliers were detected using the interquartile 
range (IQR) method, where values falling outside 1.5 times the 
IQR from the first and third quartiles were marked as anomalies. 
Instead of discarding these data points, interpolation was used 
to replace them. This approach helped preserve the temporal 
continuity of the time series while reducing the influence of 
extreme values on the model’s learning process. 

Normalization of data           

The input data showed considerable variability among the 

different parameter values, making it difficult to model 

effectively. This wide range of values, represented by the 

minimum. (Min) and maximum. (Max) values in Table 1. To bring 

the data within a uniform range of 0 to 1. Min-Max normalization 

was applied using Eqn. 1. 

 

 

 

 Here, X’ denotes the normalized value of the data, X 

represents the input value and Xmin, Xmax refer to the minimum 

and maximum values of the dataset, respectively. 

Stationarity tests          

To ensure the reliability of the solar power prediction models, 
assessing the stationarity of the time series data. Stationarity 

indicates that the statistical properties of the series, such as 

mean and variance, remain constant over time. Two commonly 

used tests for checking stationarity are the Augmented Dickey-

Fuller (ADF) test and the Kwiatkowski-Phillips-Schmidt-Shin 

(KPSS) test. 

Augmented Dickey-Fuller (ADF) test  

The ADF test is a widely used unit root test to check whether a 

time series is stationary. It extends the basic Dickey-Fuller test 

by including lagged differences to account for autocorrelation. 

The null hypothesis assumes the presence of a unit root, 

indicating non-stationarity, while the alternative hypothesis 

suggests stationarity. 

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test  

The KPSS test is used to test the null hypothesis that a time 
series is stationary around a deterministic trend. Unlike the ADF 

test, the KPSS test assumes stationarity as the null hypothesis 

and checks for the presence of a unit root as the alternative 

hypothesis.  

Data splitting into training and testing data         

The next step in data pre-processing involves splitting the 

dataset into training and testing sets. Out of the 214 total 

observations, 80 % (171 observations) are allocated for 

 

Fig. 2. Temporal variation in daily solar power output over the study period.  

Unit 
Irradiance 
(kWh/m2) 

Humidity 
(%) 

Minimum temperature 
(°C) 

Maximum temperature 
(°C) 

Surface pressure  
(kPa) 

Power 
(kWh) 

Mean 5.30 69.20 23.63 34.28 97.15 5405.86 

Minimum value 1.13 37.17 20.87 27.36 96.63 2453.3 

Maximum value 7.52 90.13 29.59 43.1 97.49 7333.3 

Table 1. Ranges of meteorological variables.  

X - Xmin 

Xmax -Xmin 
X’ = 

 (Eqn. 1) 
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training, while the remaining 20 % (43 observations) are used 

for testing. As the data follows a time series structure, a time-

based splitting approach was used to preserve the temporal 

order and avoid data leakage. 

Feature engineering           

Feature engineering plays an important role in improving the 

performance of ML models for solar power prediction. This 

process involves extracting, transforming and selecting the most 

relevant features that influence solar power generation across 

different seasons. Several key techniques were implemented to 

refine the dataset and enhance model accuracy. 

Creation of lag features           

Lag features, representing past values of power generation, were 

introduced to help the model capture temporal patterns and 

improve predictive performance. To identify the most relevant 

lag intervals, autocorrelation function (ACF) and partial 

autocorrelation function (PACF) plots were analysed (Fig. 3). The 

ACF plot showed strong autocorrelation at the initial lags, 

especially up to lag 4, while the PACF plot indicated significant 

partial autocorrelations at lags 1, 2 and 3, with a sharp drop-off 

thereafter. Based on these observations, lagged values of solar 

power at 1, 2 and 3 time steps were selected and added as 

additional features. This data-driven lag selection enabled the 

model to effectively leverage recent historical power output and 

improve the accuracy of daily solar power prediction. 

Interaction features          

To enhance predictive power, interaction features were 

created by combining existing meteorological variables. The 

following new features were engineered: 

Temperature difference (temp_diff)  

The difference between daily maximum and minimum 

temperatures, which provides insights into daily temperature 

variations affecting solar power output. 

Irradiance-humidity interaction (irr * humidity)  

Captures the combined effect of solar radiation and humidity 

levels, which can impact solar panel efficiency. Higher humidity 

can reduce panel efficiency due to water vapor absorption, 

while low humidity combined with high irradiance can lead to 

overheating issues. 

Irradiance-temperature difference interaction (irr * temp_diff)  

Incorporates the relationship between solar irradiance and 

temperature fluctuations to improve model performance. Large 

temperature variations with high irradiance may indicate clear 

skies, which are favourable for solar energy generation, while 

smaller variations may suggest cloud cover, affecting output. 

 These interaction features are meaningful as they 
provide deeper insights into the environmental conditions 

affecting solar power generation. Such features have practical 

applications in optimizing solar energy systems, improving 

predictive models for solar farms and assisting in energy grid 

management by providing more accurate forecasts. 

Random forest based feature importance        

Random forest, a popular ensemble learning method, provides 

an effective approach to feature selection through its inherent 

ability to measure feature importance. This technique ranks 

input features based on their contribution to reducing impurity 

(e.g., Gini impurity or mean squared error) across all the trees in 

the ensemble (21). Features that result in larger reductions in 

impurity are considered more influential in predicting the target 

variable. For regression tasks such as solar power prediction, the 

importance of a feature Xj is typically computed as the total 

decrease in mean squared error (MSE) it contributes, averaged 

over all trees in the ensemble. Mathematically, the importance 

score I(Xj) is given by Eqn. 2: 

 

 

 

 

 where T is the total number of trees, Nt(Xj) is the set of all 

nodes in tree t that split on feature Xj  and MSEn,t is the decrease 

in MSE caused by the split at node n in tree t . by implementing 

these feature engineering techniques, the dataset was 

transformed into a more informative and structured format, 

ensuring that the machine learning models receive the most 

relevant inputs for accurate solar power. 

 

 

Fig. 3. ACF and PACF plots of solar power output.  

     (Eqn. 2) 
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Machine learning (ML) algorithm implementation         

Model selection rationale 

To ensure a comprehensive evaluation of forecasting 
performance, nine ML and statistical models were selected based 
on their algorithmic diversity, robustness and suitability for time 
series data with meteorological influences. The chosen models 
include linear regression, ARIMA, ANN, SVM, decision tree, random 
forest, GBM, LGBM and XGBM. This selection spans a wide range 
of model families-linear, tree-based, ensemble, neural networks 
and classical statistical forecasting-thereby enabling a balanced 
comparison between interpretable and high-performing models. 
Given the inherent non-linearity and volatility of solar power 
generation influenced by dynamic weather parameters, models 
capable of capturing complex patterns, such as ANN and tree-
based ensembles, are particularly valuable. Statistical and linear 
models like ARIMA and linear regression serve as benchmarks to 
assess improvements offered by more advanced methods. 
Additionally, models like SVM and boosting algorithms bring the 
advantage of handling multi-dimensional and noisy data. Overall, 
the diverse model set allows for a robust analysis of prediction 
capabilities under varying assumptions, data structures and 
computational complexities. 

Linear regression         

Linear regression is a machine learning technique designed to 

model the relationship between an independent variable (X) 

and a dependent variable (Y). It is widely applied for regression 

analysis and prediction tasks due to its simplicity and 

effectiveness. The fundamental equation (Eqn. 3) for linear 

regression is as follows: 

 

 

 Here β0  is the intercept, β1, β2.......βn   are regression co

-efficient and € is the error term. 

Autoregressive integrated moving average (ARIMA)         

Autoregressive models predict future values based on past 

data points. The ARIMA model is an advanced version of the 

basic ARMA model, incorporating an integration (I) term to 

handle non-stationary data (22). It is a statistical model that 

relies solely on historical data to identify patterns and generate 

forecasts, making it a simple yet effective method for analysing 

time series data that exhibit stationarity. In the ARIMA model, 

the components AR, I and MA have distinct roles. The AR (auto-

regressive) component captures the relationship between an 

observed value and its previous values (lags). The I (integrated) 

component ensures data stationarity by applying differencing, 

which involves replacing data points with the difference 

between the observed value and its lagged value (23). The MA 

(moving average) component models the relationship between 

an observed value and the residual errors from previous time 

steps. The model is represented using three parameters (p, d, 

q), where p denotes the number of lag observations, d 

represents the number of differencing operations applied for 

stationarity and q indicates the number of lagged error terms 

used. The general ARIMA model equation is Eqn. 4. 

 

 

 where yt  is the observed time series value at time t, ɸ(B) 

is the autoregressive operator, (1 - B)d is the differencing operator,  

θ(B) is the moving average operator and €t is the error term. 

Artificial neural network (ANN)         

An artificial neural network (ANN) is a ML technique inspired by 
the structure and function of biological neural networks (24). 

Since the late 1980s, ANNs have been applied to time series 

forecasting (25). They consist of interconnected information-

processing units called neurons, also referred to as nodes or 

perceptrons, which serve as the computational units responsible 

for decision-making and data processing (26). A neural network 

(NN) is formed by linking multiple neurons through connections. 

Each neuron typically has one or more weighted input 

connections, an activation function and an output connection 

(Fig. 4). 

 An ANN is made up of three main layers: the input layer, 

hidden layer and output layer. In this structure, except for the 

neurons in the input layer, each node receives inputs that are 

multiplied by corresponding weights and then summed to 

calculate an activation value. This activation value is then 

passed through an activation function to generate the node's 

output. The resulting output is subsequently processed by the 

    (Eqn. 3) 

 

Fig. 4. Structure of a neuron.  

   (Eqn. 4) 
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following nodes through multiple layers until it reaches the 

output layer. This approach has demonstrated effectiveness in 

handling complex problems with numerous input variables. 

Support vector machine (SVM)         

Vapnik introduced the concept of SVM, a kernel-based machine 

learning technique designed for both classification and 

regression tasks (27). SVR applies the principles of SVM to 

regression problems. SVM utilizes kernel functions and the kernel 

trick to transform low-dimensional data into a higher-

dimensional feature space. In this transformed space, linear 

solutions correspond to non-linear solutions in the original lower

-dimensional space. This makes SVM an effective choice for 

addressing various naturally non-linear problems. A kernel 

function, denoted as k(x, x’) , is a symmetric function that 

measures the similarity between observations based on their 

feature values. SVMs utilize various kernel functions, broadly 

categorized into linear and non-linear types. Consequently, SVMs 

can be classified as L-SVMs, which employ linear kernel functions 

and K-SVMs, which use non-linear kernels. The radial basis 

function (RBF) is the most commonly used and recommended 

kernel due to its adaptability in optimization, robustness and 

high efficiency (28). Examples of kernel functions used in SVMs 

are linear, polynomial, radial basis and sigmoid which can be 

mathematically presented as follows (Eqn. 5 - Eqn. 8): 

 

 

 

 

 

 

 The prediction calculation of an SVM can be 

mathematically expressed as in Eqn. 9. 

 

 

 

 In this context, y  represents the predicted output value, 

b is the bias parameter, ai denotes the coefficient and xi is the 

input vector from the training set at the ith instance, with a total 

of n  training vectors. 

Decision tree       

The decision tree is a tree-based machine learning technique 

used for classification and regression. It divides data into 

smaller, more manageable subsets by selecting features that 

offer the most information gain. It does this through simple 'if-

then' rules, allowing it to uncover complex relationships 

among features such as location, temperature and time. This 

makes it particularly effective for tasks like predicting crime 

categories based on contextual variables (29). Information 

gain, derived from entropy, serves as the primary criterion for 

selecting the optimal attribute in decision trees (30). The 

formula for information gain and entropy are as follows (Eqn. 

10 & 11): 

 

 

 

 

 The entropy before data separation is represented as E 

(S), where Si denotes the subset of data resulting from the 

separation based on specific attributes, n is the number of 

subsets and S  is the size of the initial dataset. The probability of 

class i within the dataset is denoted by Pi . Although decision 

trees can be prone to overfitting when dealing with complex 

data, they are widely used due to their computational efficiency 

and easy interpretability. In this study, the decision tree model is 

applied to predict solar power generation, leveraging its ability to 

handle non-linear and interpretable data. 

Random forest          

The random forest regressor is an ensemble-based machine 
learning algorithm that combines the predictions of multiple 

decision trees to improve accuracy and robustness. Random 

forest is especially effective for handling non-linear patterns 

and interactions among predictors, making it well-suited for 

predicting solar energy output, which is influenced by complex 

and dynamic weather conditions. The model operates by 

constructing multiple decision trees during training, each on a 

randomly sampled subset of the data (bootstrapping) and 

averaging their outputs to generate a final prediction. The 

mathematical expression for the random forest prediction ŷ  for 

an input feature vector x  is given in Eqn. 12: 

 

 

  

 Where T  is the number of trees in the ensemble and ft(x)  

represents the prediction of the tth  regression tree for input x . 

This ensemble approach reduces variance and improves 

generalization compared to individual decision trees. Random 

selection of features at each split ensures diversity among 

trees, which enhances the robustness of the model. Overall, 

random forest served as a reliable and interpretable model in 

capturing the non-linear dependencies between weather 

variables and solar power output (29). 

Gradient boosting machine         

The gradient boosting regressor (GBR) is a powerful algorithm 

for regression tasks, particularly effective in modeling complex 

and non-linear data, such as solar power plant energy 

predictions. GBR operates through a sequential process where 

each model corrects the errors of its predecessor, a technique 

known as boosting (31). It was selected for its capability to 

iteratively improve prediction accuracy by minimizing previous 

model errors. This algorithm is highly efficient in recognizing 

intricate patterns within data and often outperforms traditional 

methods, especially when handling imbalanced datasets. 

Light gradient boosting machine (LGBM)        

The light gradient boosting machine (LGBM) is a cutting-edge 

machine learning algorithm known for its exceptional 

efficiency and performance in both classification and 

regression tasks. Developed by Microsoft, LGBM is specifically 

designed for scalability, making it well-suited for large datasets 

with numerous features while ensuring fast training and 

    (Eqn. 11) 

     (Eqn. 12) 

Linear k(x,x’) = xTx’ (Eqn. 5) 

Polynomial k(x,x’) = (yxTx’ + c)d (Eqn. 6) 

Radial basis k(x,x’) = exp(-yIIx - x’II2) (Eqn. 7) 

Sigmoid k(x,x’) = tanh(yxTx’ + c) (Eqn. 8) 

    (Eqn. 9) 

Information Gain = E (S) 
        (Eqn. 10) 
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prediction. Unlike traditional gradient boosting algorithms that 

use a level-wise tree growth strategy, LGBM employs a leaf-

wise (or best-first) approach. This method involves splitting the 

leaf with the highest loss, resulting in deeper trees with fewer 

splits, which enhances accuracy and efficiency. Due to its 

speed, scalability and precision, LGBM is widely favoured by ML 

practitioners for handling large-scale datasets and complex 

predictive tasks. 

Extreme gradient boosting machine (XGBM)         

XGBM is a powerful and flexible distributed gradient-boosting 

library designed for high efficiency and portability. It applies the 

GBM framework to execute ML algorithms. XGBM efficiently 

solves various data science problems using parallel tree 

boosting. As an enhanced version of gradient-boosted decision 

trees (GBDT), it is specifically optimized for faster performance 

and improved effectiveness. Studies demonstrated the 

successful application of the XGBM algorithm in predicting solar 

power with minimal error, outperforming other ML models (32, 

33). 

Model evaluation         

To evaluate the predictive accuracy of the ML models across 
various time intervals, three commonly adopted performance 

metrics were used: root mean square error (RMSE), mean 

absolute error (MAE) and mean absolute percentage error 

(MAPE). RMSE quantifies the square root of the average of 

squared differences between actual and predicted values, 

serving as a measure of the model’s    residual variance. MAE 

calculates the average magnitude of the errors in a set of 

predictions, without considering their direction. MAPE 

expresses the mean absolute error as a percentage of the 

actual values, allowing for relative comparison across models. 

The mathematical expressions for these metrics are as follows 

(Eqn. 13-15): 

 

 

 

 

 

 

 

 

 

  Here, Yt  represents the actual value,  Ŷ t  denotes 

the predicted value and n  is the total number of observations. 

These metrics provided a comprehensive assessment of how 

closely the model outputs aligned with real solar power values, 

guiding model comparison and selection.   

  

Results and Discussions 

Detection of outliers          

To improve the reliability of model predictions, outlier 

detection was performed during the data pre-processing 

phase. The refined time series data after outlier treatment is 

visualized in Fig. 5. The chart clearly shows a smoother and 

more coherent pattern in daily solar power output, which is 

essential for effective model training and evaluation. 

Stationarity test         

The stationarity of the solar power time series data was 

assessed using two widely accepted statistical tests: the 

Augmented Dickey-Fuller (ADF) and the Kwiatkowski-Phillips-

Schmidt-Shin (KPSS) tests. The ADF test evaluates the null 

hypothesis that the series possesses a unit root (i.e., it is non-

stationary). The resulting p-value of 0.0004 is significantly 

below the 0.05 threshold, leading to the rejection of the null 

hypothesis and indicating that the solar power series is 

stationary. 

 Conversely, the KPSS test assumes stationarity as the 
null hypothesis. In this analysis, the KPSS test yielded a p-value 

of 0.1000, which is above the 0.05 level, thus failing to reject the 

null hypothesis and further confirming that the series is 

stationary. The agreement between both tests reinforces the 

stationarity of the solar power data, validating its suitability for 

time series modelling without the need for differencing or 

transformation. The result of stationarity tests is given in Table 2. 

Random forest based feature importance        

To further understand the relative influence of different input 

variables on solar power generation, feature importance 

analysis was carried out using the random forest model. 

Irradiance is the most significant predictor, contributing nearly 

38 % to the model's performance (Fig. 6). This is followed by 

 

Fig. 5. Temporal variation in daily solar power output after outlier removal.  

   (Eqn. 15) 

  (Eqn. 13) 

         (Eqn. 14) 
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power_lag1 (17 %), power_lag2 (7 %) and power_lag3 (6 %), 

indicating that recent historical power values play a notable 

role in prediction. Interaction terms such as irr*humidity and 

irr*temp_diff also showed moderate importance, while 

variables like max_temp and temp_diff contributed the least. 

These interaction features were manually engineered during 

the pre-processing stage by combining existing meteorological 

variables to enhance the model's predictive power. These 

findings highlight the strong dependence of solar power output 

on real-time irradiance and past power trends. 

Predicting solar power          

The nine models developed during the training phase were 
evaluated using the test dataset. The actual and predicted values 

are illustrated in Fig. 7, effectively demonstrating how well the 

model captures the variations and trends in daily solar power 

generation based on point predictions. Model performance was 

assessed using three error metrics-RMSE, MAE and MAPE-as 

presented in Table 3. 

 The performance comparison of machine learning 

models using RMSE, MAE and MAPE metrics clearly highlights 

that the ANN model outperforms all other models in predicting 

daily solar power generation. ANN achieves the lowest RMSE 

(274.84 kWh), MAE (245.93 kWh) and MAPE (5.26 %), indicating 

its superior ability to capture the complex, non-linear patterns 

present in the power generation data. This enhanced 

performance can be attributed to ANN's capacity to model 

intricate relationships between solar power output and 

multiple weather parameters, such as irradiance, temperature 

and humidity, especially in high-resolution (daily) datasets. 

 The random forest (RF) model also shows strong 

performance, particularly in terms of MAE (384.58 kWh) and 

MAPE (7.86 %), due to its robustness against overfitting and its 

ensemble nature, which averages over multiple decision trees to 

reduce variance. RF's capability to handle both linear and non-

linear relationships and rank features effectively makes it a 

reliable choice for time series prediction with limited but diverse 

input features. The SVM model demonstrates relatively good 

predictive ability, with an RMSE of 493.92 kWh, MAE of 410.57 

kWh, and MAPE of 8.00 %. The use of a linear kernel (optimized 

with hyperparameters C = 29.98, gamma = 0.57 and epsilon = 

0.74) proved effective, likely due to the near-linear relationship 

between the engineered features and the target variable, as well 

as the model’s ability to generalize well on the limited dataset. Its 

strength lies in its ability to model non-linear patterns using 

kernel functions, which proves useful in solar power prediction 

where complex interactions between variables exist. However, 

its performance may be slightly limited by sensitivity to noise and 

its dependence on proper kernel and parameter selection, 

especially in a dataset with temporal variability and seasonality. 

In contrast, models such as ARIMA. Gradient Boosting Models 

(LGBM and XGBM) and linear regression exhibit relatively lower 

performance. The ARIMA model, being a univariate approach, is 

limited by its dependence on historical power values alone, 

without the inclusion of exogenous weather factors. Boosting 

models, though highly effective in capturing complex patterns, 

can exhibit variability in performance due to their iterative 

learning process. In certain scenarios, this may lead to challenges 

in generalization, resulting in either overfitting or underfitting, 

especially when dealing with intricate relationships within the 

data. 

Test p-value Stationarity status 

ADF test 0.0004 Stationary 

KPSS test 0.1000 Stationary 

Table 2. Stationarity test results at 5 % significance level.  

 

Fig. 6. Random forest-based feature importance of input variable on solar power.  

MODEL RMSE (kWh) MAE (kWh) MAPE (%) 

Linear 
regression 

554.17 424.48 8.23 

ARIMA 494.37 413.81 9.00 

ANN 274.84 245.93 5.26 

SVM 493.92 410.57 8.00 

Decision tree 531.99 418.90 8.94 

RF 504.28 384.58 7.86 

GBM 542.14 433.69 8.90 

LGBM 554.03 462.65 9.92 

XGBM 622.47 486.53 9.75 

Table 3. Performance of ML models for solar power prediction.  
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Fig. 7. Actual vs predicted solar power for different models.  
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 These findings support the central hypothesis of this 

research that accurate solar power prediction is achievable even 

with a limited amount of data, provided that suitable machine 

learning models are employed. The success of ANN, RF and SVM 

demonstrates that complex models, when carefully chosen, can 

adapt well to smaller datasets and yield reliable results in real-

world, short-horizon solar power prediction tasks.  

 

Conclusion  

This study has demonstrated the effectiveness of various ML 
models in predicting daily solar power generation using a 

limited dataset from a newly installed plant in Tamil Nadu. 

Among the nine models tested, the ANN emerged as a top 

performer, followed by random forest (RF) and SVM, 

highlighting the potential of these models in capturing non-

linear relationships and making accurate predictions even with 

fewer observations. The research distinguishes itself by 

achieving high prediction accuracy using minimal data, offering 

a practical alternative to data-intensive approaches commonly 

found in existing literature. Looking ahead, future work can 

focus on developing real-time prediction systems using live 

weather data, integrating explainable AI for transparency and 

further improving accuracy with satellite-derived inputs. 

Advancements such as smart grid integration, energy storage 

optimization and decentralized frameworks like federated 

learning could further revolutionize solar power forecasting 

and management.   
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