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ABSTRACT 

The issue of using renewable energy to replace fossil fuels has become the main focus of all countries 

worldwide. Fossil energy reserves in the world are no longer as abundant as in previous years. Therefore, 
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further innovation and development are required to address these problems. Until today, many countries 

around world are still dependent on fossil fuels for transportation and electricity. The costs and impacts of 

this are significant. The combustion of fossil fuels can contaminate the environment and endanger human 

health. Innovation in the field of electricity began with the application of photovoltaic (PV) as a new solar-

based energy source. Indonesia is a country with great potential due to its tropical climate and sunshine 

that lasts all year long. In line with the progress of information technology, the optimization and 

development of PV power can be implemented optimally to provide sufficient electrical energy that can be 

distributed equally. In this study, two filtering methods, namely the Extended Kalman Filter (EKF) and 

Unscented Kalman Filter (UKF), were examined based on their accuracy in forecasting PV power. Both 

methods are robust in addressing non-linearity issues. Based on the simulation results, the EKF achieved 

the best Root Mean Squared Error (RMSE) value of 0.09381, and the UKF achieved 0.09041. 

Keywords-electricity; estimation; machine learning; photovoltaic 

I. INTRODUCTION 

Fossil energy is the primary source of electricity and 
transportation [1]. The extensive consumption of fossil energy 
can have detrimental effects, triggering an increase in carbon 
emissions [2]. High levels of carbon emissions are significantly 
associated with the current issue of climate change and have 
become a concern for many countries worldwide. The 
obligation to minimize fossil energy use is stipulated in the 
Paris Agreement and United Nations Conference of Parties 
(COP-26) [3]. Therefore, alternative renewable energy and 
environmentally friendly solutions are required [4]. Solar 
energy is an alternative energy source that is widely available 
and can help reduce carbon emissions [5, 6]. However, the 
application of solar energy is not yet widespread. This is 
because it depends on the geographical conditions of each 
country. Photovoltaics (PVs) [7] are very appropriate in 
southern countries, such as Indonesia, owing to the extended 
sunlight most of the year and can contribute to economic 
advancement [8]. Globally, three countries have implemented 
PV technology: China (36%), the United States (13%), and 
Japan (11%) [9]. With the current technological advancements 
in Artificial Intelligence (AI) and Machine Learning (ML), the 
optimization and efficiency of the power generated by PV can 
be accurately forecasted. It is useful to anticipate changes in 
supply and power distribution, and also help to maintain 
stability [10, 11]. Therefore, this could assist in the future 
development of PV and obtain more profit from the economic 
side. 

ML is a subfield of AI that can learn from data and has 
three main approaches: supervised learning, unsupervised 
learning, and reinforcement learning. This study aims to utilize 
a supervised learning method supported by two filtering 
methods, namely the Extended Kalman Filter (EKF) and 
Unscented Kalman Filter (UKF), to compare their accuracy and 
robustness in terms of forecasting of the generated PV power. 
EKF and UKF are developed from the Kalman Filter (KF) 
method. The KF was proposed by R.E Kalman and has 
continued to evolve into a method that can be used for 
nonlinear models and has been implemented in many fields, 
such as engineering, healthcare, and economics [12-16]. EKF 
and UKF are categorized as nonlinear models. The difference 
between the two methods is that EKF uses adoption from the 
Taylor expansion, but UKF employs Unscented 
Transformation (UT) [17]. 

Several previous studies have shown satisfactory results, 
but the use of filtering methods remains limited in their 
application. Therefore, in this study, we applied the filtering 
methods EKF and UKF as a methodological novelty approach. 

II. RESEARCH METHOD 

The dataset used in this study was obtained from field 
research conducted directly by the author from May to 
September 2024. The dataset consisted of 1600 rows and 5 
columns. Table I presents the details of the dataset. Figure 1 
presents the weather station used to monitor the weather 
conditions at the PV site. The specifications of the PV module 
were 200-watt peak. Table II presents the specifications of the 
weather station. 

TABLE I.  DATASET 

Trial Temperature (OC) 
Radiation 

intensity (lux) 

Generated 

power (W) 
Duration 

1 26.34 118.2 6.52 7 
2 27.74 295 25.46 8 
3 29.13 578 45.86 9 
4 30.52 762 55.17 10 
5 30.62 888 63.85 11 
6 30.73 877 62.57 12 
7 30.84 560 39.65 13 
8 30.31 67 1.65 14 
9 29.78 67 1.71 15 
10 29.25 59 1.37 16 
11 28.58 21 0,18 17 
... ... ... ... ... 

1600 29.73 704 53.75 16 

 

 
Fig. 1.  Weather station. 
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TABLE II.  SPECIFICATIONS OF WEATHER STATION 

Specifications Description 

Transmission distance in open field 100 m 
Frequency 433 MHz 

Temperature range -40-60 oC 
Accuracy +/- 1 oC 
Resolution 0.1 oC 

Measuring range rel. humidity 10-99% 
Accuracy +/- 5 oC 

Rain volume display 0-9999 m 
Accuracy +/- 10 oC 

Wind speed 0-180 km/h 
Accuracy +/- 1 m/s 

Measuring interval thermo-hygro sensor 48 sec 
Waterproof level IPX 3 

 

Figure 2 illustrates the overall research framework 
employed in this study, beginning with the collection of field 
measurement data comprising the temperature, solar radiation 
intensity, relative humidity, and actual PV power output. The 
collected dataset was then pre-processed to ensure data quality 
and consistency prior to model implementation. Subsequently, 
the data were processed using two nonlinear state estimation 
techniques, namely EKF and UKF, both of which are designed 
to handle the stochastic and nonlinear characteristics inherent 
to PV power generation. The final stage involved evaluating 
the forecasting performance using statistical error metrics, 
specifically the Mean Squared Error (MSE) and Root Mean 
Squared Error (RMSE), enabling a direct comparison of the 
accuracy and robustness of the two filtering approaches. This 
methodological framework ensures a systematic process from 
raw data acquisition to performance validation, thereby 
strengthening the reliability of forecasting results. 

 

 
Fig. 2.  Research method. 

A. Filtering Methods 

The EKF is an algorithm developed from the KF that can 
handle nonlinear problems by linearization using the Taylor 
expansion system [18]. The EKF is derived by modifying the 

error correction term to accept the nonlinearity of the system 
[19]. Figure 3 shows the flowchart of the EKF algorithm. 
Unlike the EKF, the UKF does not require the Jacobian matrix 
but utilizes a fundamental nonlinear system [20]. This is the 
reason why UKF can handle complex state equations. Most of 
the KF family methods are frequently used in the areas of 
autonomous vehicles and robotics [16]. 

Figure 3 illustrates the computational flow of the EKF 
applied in this study for PV power forecasting. The diagram 
presents the sequential stages of the EKF algorithm, beginning 
with state initialization and prediction, where the system state 
vector is advanced using the nonlinear process model ��∙�, and 
the associated error covariance is propagated through 
linearization via the Jacobian matrix. The subsequent step 
involves the innovation stage, in which the predicted 
measurement is compared with the actual PV power output to 
generate the residual error. This residual is then used in the 
update stage, where the Kalman gain is computed to optimally 
weight the contribution of model prediction and sensor 
measurements. The state estimate and error covariance were 
corrected accordingly, and the cycle was iterated for the entire 
dataset. Within the context of this study, the EKF effectively 
integrates environmental variables, such as temperature and 
radiation intensity, captured by the weather station with the 
nonlinear dynamics of PV power generation. By leveraging 
local linearization, the EKF achieves computational efficiency 
while maintaining sufficient accuracy, enabling reliable short-
term PV forecasting under stochastic and nonlinear conditions. 

 

 
Fig. 3.  Computational flow of EKF. 
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Figure 4 illustrates the computational flow of the UKF, 
which extends the classical KF framework to nonlinear systems 
by employing an unscented transformation. The process begins 
with the initialization stage, where the initial state estimates ��� 
and its error covariance �	�  are defined. Within the model 
system and measurement model block, the system dynamics 
are described by a nonlinear process model �
 ����
�
, �
� �  �
 , whereas the measurement equation �
 �
ℎ��
� �  �
  incorporates sensor noise. The next stage, Time 
Update (prediction), generates a set of sigma points that capture 
the mean and covariance of the state distribution, propagates 
them through the nonlinear process model, and computes the 
predicted state estimate ��
 |
�
  along with the corresponding 
covariance �	
|
�
 . In the Measurement Update stage, the 
predicted measurements are compared with the actual sensor 
observations to obtain the innovation. The Kalman gain �
 is 
then calculated to optimally combine model predictions and 
sensor data, followed by an update of the state estimate and 
error covariance. This iterative cycle of prediction and update 
enables the UKF to maintain higher accuracy and stability than 
the EKF when addressing strongly nonlinear and stochastic PV 
power generation processes. 

 

 
Fig. 4.  Computational flow of UKF. 

B. Evaluation Metrics 

In several studies on forecasting, assessment, or evaluation 
of model performance are often performed by estimating the 
Mean Squared Error (MSE) and Root Mean Squared Error 
(RMSE), which are given by the following equations: 

��� � ∑ ���� ����
�

� !
     (1) 

"��� �  #∑ ���� ����
�

� !
    (2) 

III. RESULTS AND DISCUSSION 

From a number of trials that have been conducted, several 
important points have been raised regarding the power 
generated by PV. It is known that the power generated by PV is 
affected by radiation intensity. Figures 5 and 6 show plots of 
the radiation intensity and PV power generated, respectively. 

 

 
Fig. 5.  Plot of the radiation intensity. 

 
Fig. 6.  Plot of the power generated by the PV. 

Figures 5 and 6 show that there are similarities in the 
patterns for both variables. So, it can be concluded that the PV 
can work effectively and with great potential in the dry season 
of Indonesia which lasts for 6 months. The next step was to 
simulate forecasting on existing data based on PV power 
generation and simulate 100 days forward using EKF and 
UKF. The results of the simulations are shown in Figures 7 and 
8. 
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Figure 7 illustrates the forecasting results of the power 
generated from the PV 100 days forward in time using EKF 
and UKF and setting the noise parameter R to 0.03. Both 
methods were able to follow the actual data, although the actual 
values exhibited dynamic fluctuations. The results from the 
EKF are shown by the green line, and the UKF results are 
shown by the black line. Furthermore, both methods have a 
slight difference in the error value and are within reasonable 
limits. The EKF achieved an MSE value of 0.00881 and an 
RMSE value of 0.09386. The UKF achieved the best MSE and 
RMSE values of 0.00817 and 0.09041, respectively. 

 

 
Fig. 7.  Simulation data of EKF and UKF using R of 0.03 compared to 
actual data. 

 

 
Fig. 8.  Simulation data of EKF and UKF using R of 0.01 compared to 
actual data. 

The plot shown in Figure 8 shows the forecasting results of 
the power generated by the PV 100 days forward using EKF 
and UKF and setting the R parameter to 0.01. Both methods are 
able to follow the line of the actual values, where the condition 
of the actual values appears dynamic with a sharp pattern of 
fluctuation. The EKF results are shown by the green line, and 
the UKF results are shown by the black line. Both methods 

have a slight difference in the error value and are within 
reasonable limits. EKF achieved an MSE value of 0.00880 and 
an RMSE value of 0.09381. The UKF achieved the best MSE 
and RMSE values of 0.00817 and 0.09041, respectively. The 
forecasting results of the second simulation were not 
significantly different from those of the first simulation. 

Table III presents a comparison between the actual PV 
power output and the forecasting results obtained using the 
EKF and UKF under two different measurement noise 
parameter settings (R=0.03 and R=0.01). The results 
demonstrate that both the EKF and UKF can closely track the 
actual PV power values with relatively small deviations. In 
several trial points, the forecasted values of both methods 
exhibit strong agreement with the measured data, with the UKF 
consistently achieving slightly better accuracy than the EKF. 
This superiority is reflected in the MSE and RMSE values 
obtained by the UKF across both parameter settings. Overall, 
Table III provides empirical evidence that both filtering 
methods are reliable for nonlinear PV power forecasting, while 
highlighting the advantage of UKF in minimizing prediction 
errors and improving the short-term forecasting accuracy. 

TABLE III.  FORECASTING FOR 100 DAYS FORWARD 

Trial 
Power 

generated 

Forecasted 

by EKF with 

R-value of 

0.03 

Forecasted 

by UKF with 

R-value of 

0.03 

Forecasted 

by EKF with 

R-value of 

0.01 

Forecasted 

by UKF with 

R-value of 

0.01 

1601 5.80 15.40 14.77 15.40 14.77 
1602 0.0079 6.09 5.65 6.09 5.65 
1603 13.57 10.72 10.54 10.72 10.54 
1604 39.42 28.38 28.39 28.38 28.39 
1605 53.75 44.14 44.06 44.14 44.06 
1606 55.66 51.54 51.23 51.54 51.23 
1607 61.74 58.19 57.72 58.19 57.72 
1608 47.28 51.96 51.27 51.96 51.27 
1609 49.22 50.68 50.00 50.68 50.00 
1610 44.30 47.16 46.48 47.16 46.48 
1611 26.69 34.99 34.24 34.99 34.24 
1612 14.57 22.75 22.08 22.75 22.08 
1613 2.72 10.66 10.12 10.66 10.12 
1614 0.0079 4.21 3.87 4.21 3.87 

... ... ... ... ... ... 
1700 53.28 52.74 52.25 52.74 52.25 

 

IV. CONCLUSIONS 

This study presents a comprehensive comparison of the 
Extended Kalman Filter (EKF) and Unscented Kalman Filter 
(UKF) for short-term photovoltaic (PV) power forecasting 
using real field data measured under tropical conditions in 
Indonesia. Both methods effectively handled the nonlinear and 
stochastic behaviors inherent in solar power generation. The 
results revealed that the UKF achieved superior accuracy with 
a lower Root Mean Squared Error (RMSE) of 0.09041 
compared to EKF that exhibited 0.09381, while maintaining a 
computational efficiency between 0.1 and 0.3 s, indicating their 
potential for real-time PV monitoring and control applications. 
The novelty of this work lies in the empirical validation of the 
EKF and UKF on real tropical PV datasets rather than 
simulated data, providing new insights into their comparative 
performance in dynamic and high-variability environments. 
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Compared with previous studies, the findings corroborate the 
superior accuracy and stability of the UKF while demonstrating 
that the EKF remains a computationally efficient alternative for 
practical implementations. Overall, this study contributes both 
methodological and practical advancements to renewable 
energy forecasting by establishing the suitability of Kalman-
based filters for nonlinear PV power prediction in tropical 
climates. Future studies should integrate these algorithms with 
adaptive or data-driven approaches, such as neural networks or 
ensemble learning, to further enhance the prediction accuracy, 
resilience, and scalability of intelligent renewable energy 
systems. 
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