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Abstract 
 
Renewable energy sources have the potential in addressing the high demand 
for electric power. Solar energy-based power generation is one of the cost-

efficient and ecologically safe methods when comparing other renewable 

energy sources. The objective of this work is to predict the DC power 
generated by the solar panel array and to identify the underperforming unit 

for servicing. The proposed method uses a linear regression-based model for 

predicting solar power and K means clustering for identifying the sub-

optimally performing solar panel array. The prediction model predicts the 
solar power with Mean Absolute Error (MAE) and Root Mean Square Error 

(RMSE) of 2.35% and 6.4% of the Peak DC Power respectively. The 

prediction of solar power will be helpful in grid management, efficient use of 
hardware, identifying and servicing the sub-optimally performing unit to 

increase the daily yield, and reduce the operational cost. 
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1 Introduction 
 

In recent years, electrical energy is an essential need for comfortable 

living in our daily life, which makes increasing demand for it. Fossil fuels, a 

major source of electrical power generation that is diminishing every day, 
and its usage cause serious environmental concerns. Switching to renewable 

energy sources like solar, water, wind, geothermal and biomass energy 

sources will help to preserve our environment. Solar power is the emerging 

and most promising renewable energy sources of power generation across the 
globe, the crucial future production method in the move to clean energy[1-2].  

The solar energy-based power generation method uses solar panels 

positioned in a specific manner either on a roof of the building or in a solar 
farm zone to accelerate the conversion of the sunlight radiation into electric 

power. The solar panel consisting of photovoltaic cells produces direct 

current (DC) electricity proportional to the received light radiation. An 

inverter is used to convert the generated DC electricity into alternating 
current (AC) electricity and used, fed into the grid, or stored in a battery. The 

installation cost depends on the location,   installation technique, panel type, 

size, quality, and the number of solar panels. In general, solar power is 
becoming more affordable every year. After the installation of solar panels, 

the operational costs are reasonably low when comparing to other power 

generation methods since it can produce a large amount of electricity without 
the requirement of fuel supply. Another advantage of solar power is, it is 

scalable and suitable for powering a single household or to an industrial 

scale. Overall, the sun radiates undeniably more energy than our requirement, 

but the limitation is the ability to convert it to electrical energy in a cost-
effective way and to store electricity for nighttime and rainy days. Solar 

power is a renewable, CO2-free power source, it makes a significantly lesser 

impact on the environment when comparing to other power generation 
methods. The special materials required for solar panel production, location, 

and the water required for cleaning the solar panels are the main factors that 

impact the environment[3-4]. Effective use of Solar Panels, Inverters, and 
Grids will reduce the cost as well as the area needed for generating the 

required power in large-scale solar plants, hence the environmental impact 

will be minimized. Machine Learning (ML) algorithms will be more useful 

in analyzing and developing models from the solar plant data for the 
effective utilization of hardware.  

  

2 Related Works 
 

Ercan Izgi et al.  applied Artificial Neural Networks (ANN) method to a 

small-scale solar system's data collected from a 750W Photovoltaic panel in 
determining the time horizon having the highest representative for generated 

electric power prediction [5].  
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Daniel O’Leary and Joel Kubby implemented input masking, an ANN 

technique for acoustic signal classification and image edge detection 

technique to improve prosumer forecast accuracy and lowered inaccuracy of 
sample predictions by 14.4%, and minimized the mean average error and root 

mean squared error by 5.37% and 6.83% respectively[6]. In [7] the soiling 

impact on photovoltaic systems of a 1.4GWp solar power plant was 

experimentally characterized and a method for determining optimum 
cleaning schedules was proposed based on minimizing the Levelized cost of 

energy and compared it with other existing methods. In [8], a solar power 

prediction model was proposed which predicts from the 4 years' satellite 
images and a support vector machine (SVM) algorithm. Clouds' motion 

vectors are forecasted by using the satellite images of atmospheric motion 

vectors (AMVs). The work proposed in [9], demonstrated the application of 
three popular forecasting models on California ISO solar power data. Auto-

Regressive Integrated Moving Average (ARIMA), Least Squares Support 

Vector Machine (LS-SVM), and Radial Basis Function Neural Network 

(RBFNN) are the models used for system-level prediction of solar power 24-
hour-ahead. Pedro et al. studied compared the various solar power 

forecasting methods like ANN, ANNs optimized by Genetic 

Algorithms(GA), ARIMA, k-Nearest-Neighbors (kNNs),  and Persistent 
model. Results showed that the ANN-based forecasting models especially the 

GA optimization of the ANN parameters outperform the other forecasting 

techniques. The accuracy of all models is more correlated to the seasonal 

characteristics of solar variability[10]. 
Technologies related to solar power have significantly improved to high-

level applications. Prediction of solar irradiation is a difficult task due to the 

uncertainties depending on atmospheric parameters such as temperature, 
relative humidity, dust, cloud amount, and movement [5-10]. The application 

of ML algorithms is extended to almost all fields of our day-to-day life [5-

13]. This paper applying the ML algorithms for power prediction and 
identification of underperforming solar panel arrays using the solar plant 

data. 

 

3 Solar Power Generation Data 
 

The proposed work uses the Kaggle data set [14] contains two sets of 
information:  

i) Power generation information and  

ii) Sensor panel information obtained from a solar power plant. 

Generation data collected from the inverter, where each inverter is connected 
to an array of solar panels. The sensor data is collected from a single array of 

sensors optimally placed at the plant. For every 15 minutes, both the power 

generation and sensor data were gathered from the solar power plant.  
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The power generation and sensor data collected for 34 days are merged 

based on time and date to obtain the relationship between the sensor readings 

and the DC power generated by the array of solar panels at a particular time. 
Table 1 shows the distribution of the Solar Power Plant data. 

Table 1: Analysis of Solar Power Plant Data 

 DC 

power 

(in kW)  

AC 

power 

(in kW)  

Daily 

Yield 

(in kW) 

Total 

Yield  

(in MW)  

Ambient 

Temp.   

Module 

Temp. 

Irradiation 

Mean 277.48 271.38 3414.90 661.2846 27.82 31.90 0.20848 

SD 381.99 373.25 2928.59 72.87876 3.98 10.57 0.2879 

Min. 0.00 0.00 0.00 0 20.94 20.27 0 

25% 0.00 0.00 323.68 20.07135 24.52 23.66 0 

50% 25.56 24.69 3229.23 282.6373 26.72 27.18 0.018 

75% 510.58 500.43 5662.95 1348.504 30.43 37.98 0.3824 

Max. 1420.9

3 

1385.4

2 9873.00 2247.916 39.18 66.64 1.0988 

 

3.1 Data Preprocessing 
 

Data cleansing was performed to discard the outliers, extraneous and 
incomplete data. Data transformation was performed to get better insights 

and to get a good outcome. The data is stored as a CSV  (Comma Separated 

Value)  file format consisting of the following columns for further 

operations: i)Date, ii)Time of the reading, iii) Unique ID for the plant, iv) 
Inverter ID,v) Amount of DC power (in kW) generated in 15-minute duration 

vi) Amount of AC power(in kW) generated by the inverter in 15-minute 

duration vii) The cumulative sum of power generated on that day, till that 
point in time viii)Total yield for the inverter till that point in time ix) Sensor 

Panel ID x) Temperature at the plant xi)Solar Panel /Module temperature, 

and xii) Amount of Irradiation for the 15 minutes duration [14]. The data is 

normalized using MinMaScaler before analyzing the features. 

 

3.2 Feature Selection 
 

The inputs for the proposed work were identified based on the 

correlation level with the DC power generated by the solar panels. The 

scattering matrix of the features shown in Figure 1. shows the existence of a 
linear relationship between features like Ambient Temperature, Module 

Temperature, Irradiation, and DC power. The DC power generation will be at 

peak during the afternoon and no dc power generation during late evening 

and late morning hence time is also considered as one of the input features 
for training the model. The amount of AC power generated will depend on 

the efficiency of the inverter in converting the received DC power to AC 

power hence it was neglected. 
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Figure 1: Scatter Matrix of Features 

 

4 Solar Power Prediction using Linear Regression with 
Tikhonov Regularization  

 

The DC power generation will depend on features like Time, Irradiation, 
Ambient, and Module Temperature. These independent variables having 

higher inter-correlation values as shown in Figure 2 and suffered from a data 

multi-collinearity problem. Since predicting the DC Power generated by the 
solar panel is a regression task Linear Regression and Support Vector 

Regression(SVR) algorithms are considered for developing the model. Linear 

regression addresses the data collinearity issue well when compared to SVR 
[15]. Tikhonov regularization or Ridge Regression deals better with ill-posed 

problems and particularly solving the multi-collinearity issue occurring in a 

linear regression model with more number of parameters. This regularization 

method improves efficiency in parameter estimation problems in a trade-off 
with a tolerable amount of bias[16-19]. 
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Figure 2: Correlation Heat map of Selected Features 

 

The solar power prediction by the model can be done using the following 
formula mentioned as equation (1),  

 TikhonovY X C
               (1) 

where the coefficients of Tikhonov regularization (
 Tikhonov

) were cal 

culated from the actual value(y), the input feature matrix (X), the penalty or 

tuning parameter (λ) and, the L2 norm of linear regression coefficients 

( 2
B

) as shown in equation (2), 
2 2

2 2
arg min   Tikhonov y XB B

             (2) 

 The 2
B

 value was calculated using equation (3).  

0 12
.... nB b b b   

              (3) 

where, b0,b1,b2,...bn are the input feature coefficients. 
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4.1 Training and Testing 
 

For training and testing of the model Split validation technique was 
chosen over the Cross-Validation Technique. The number of readings taken 

per day is almost similar for the 34 days. Upon random selection of date, 

80% of data (27 days data) was split for training and, the remaining 20% data 

(7 days data) used for testing the model. The model uses linear regression for 
prediction with Root Mean Squared Error (RMSE)  as a metric to evaluate 

the model performance [20]. When one or a few of the selected input features 

are applied as the input to the model, it exhibits an under-fitting problem, 
when all the selected input features applied the model showed the optimum 

performance and the model is capable of better prediction for unseen data. 

Table 2 shows the selected model parameters for training the model. 
 

Table 2: Parameters Selected for Training the Linear Regression Model 

Linear Model Ridge 

Input Normalization Standard Scalar 

Polynomial Features True (degree=3) 

Alpha 0.5 

fit_intercept True 

Metric RMSE 

 

5 Suboptimal Performance Detection using K Means 
Clustering 

 

The data available does not contain information about the performance 
level of solar panel arrays hence this task is considered as unsupervised 

machine learning (clustering) problem rather than a classification problem. 

K-means clustering is the most popular, and powerful unsupervised ML 
algorithm to make inferences from datasets using only input vectors without 

the knowledge of label or outcome. It discovers underlying patterns in the 

data and group the data points into a fixed number (k) of clusters[21-24]. 
The solar panel array producing a comparably lesser amount of DC 

power for the higher value of module temperature and irradiation value can 

be considered as a sub-optimally performing unit[25]. The DC power, 

module temperature, and irradiation are considered as the inputs to the K 
Means Clustering algorithm for detecting of suboptimal performance of Solar 

Panel Array.The Clustering operation was performed on the dataset with the 

following parameters: the number of clusters or the number of centroids to 
generate (n_clusters) is 5, the initial cluster centers are initialized by passing 

an N-dimensional Array (nd array) of shape (n_clusters=5, n_features=3), 

Number of time the k-means algorithm run with different centroid seeds 

(n_init) is 10, the maximum number of iterations is 300, Relative tolerance of 
1e

-4
 and precompute_distances is 'auto'.  
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Except for initial cluster centers and the number of clusters, all other 

parameters are fixed with the default value. Multiple iterations were 

performed on the cluster of the data by varying the values of n_clusters and 
ndarray. The clustering algorithm performed well with n_cluster=5 and 

ndarray=  [[1.0, 1.0, 0.0], [0.0, 0.0, 1.0],[1.0, 1.0, 1.0], [0.0, 0.0, 0.0], [1.0, 

1.0, 0.0]].  
The data obtained from 43 solar panel arrays for every 15 minutes 

interval are used for this task. Each solar panel array is connected to an 

inverter, identified by a unique inverter ID. Each solar panel array or inverter 
ID is labeled with a cluster number as a result of the clustering task. The 

same inverter id may be labeled with different cluster numbers due to 

external factors or poor performance for a short duration. A voting classifier 

with a hard voting strategy is used to identify the correct label for the solar 
panel array or inverter ID based on maximum votes.  This model does not 

identify the performance of the inverter since it considers only the DC power, 

not the AC power. K means clustering can also be performed to identify the 
underperforming inverter unit by considering the input DC Power and output 

AC Power of the inverter as the inputs. 

 

6 Results and Discussion 
 

The performance of the prediction model shows the training performance 
is on par with the testing performance and neither over-fitted nor under fitted 

as shown in Figure 3 and Table 3. The MAE  and RMSE of the power 

prediction model are 33.4kW and 90.91kW respectively which are 2.35% 

and 6.4% of the Peak DC Power of 1.42MW. The Correlation coefficient 
between the actual and predicted value is 0.945 and 0.932 for training and 

testing respectively. 

 

 
Figure 3: Scatter Plot of Actual vs. Predicted  value of the Power Prediction Model 

during training (left) and testing (right) 
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Atmospheric and Metrological conditions are the main reason for the 

prediction error and it may be minimized if we train the model with years of 

data. Variation in the efficiency of the solar panel in converting the 
irradiation to solar power also affects the prediction accuracy. This prediction 

model work will also help to identify whether the solar panel array which is 

connected to a particular inverter performing at the optimum level. 

 
Table 3: Performance of the Power Prediction Model 

 Training Testing 

No. of days' data used 27 7 

No. of samples 47,116 13,072 

MAE (in kW) 34.041 33.404 

RMSE (in kW) 91.594 90.909 

Correlation Coefficient(R
2
) 0.945 0.932 

 

The scatter plot shown in Figure 4 is the result obtained using K means 
Clustering algorithm and the red points in the plot are the data belongs to 

faulty or sub-optimally performing solar units. The result obtained is 

matched with the theoretical background. 

 

 
Figure 4: K Means Clustering Algorithm's Results 
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7 Conclusion 
 

The power prediction at the solar plant level is showing better prediction 
is possible with power generation and sensor data. This prediction model will 

help the efficient management of the grid and also identify whether the solar 

panels connected to an inverter are generating the optimum power for the 
present atmospheric condition. K Means clustering identifies the solar panel 

array with faulty or sub-optimally performing solar panels and reduces the 

time for fault identification. The amount of solar radiation responsible for the 

power generation relies on atmospheric parameters and add new uncertainties 
to the prediction task. Prediction of generated power by photovoltaic or other 

similar solar technologies using solar plant data like ambient temperature, 

module temperature irradiation, etc., also requires knowledge about the 
atmospheric parameter. Model to predicts the DC power with the data 

received from temperature sensors and irradiation value, which are equally 

tough to predict due to the unpredictable nature of metrological conditions. 
Developing a hybrid model consisting of both weather prediction models and 

solar power prediction models will increase prediction accuracy. The 

accuracy of the model is subjective to the uncertainty of nature. 
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