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A B S T R A C T

This paper presents a comprehensive framework for efficient electricity forecasting within a Virtual Power Plant 
(VPP) context. The focus is on forecasting both electricity consumption and production from photovoltaic (PV) 
systems, as essential components for successful operation of a sustainable energy infrastructure/system. In order 
to investigate the applicability of the framework, a case study approach was employed. The aim was to evaluate 
the effectiveness of various statistical modeling techniques, including time series analysis and regression anal
ysis. Three datasets were analyzed: (i) electricity consumption at Ss. Cyril and Methodius University in Skopje 
(UKIM) facilities, (ii) solar radiation data for Skopje city region, and (iii) historical PV power generation data. 
The study delved into the application of Auto Regressive Integrated Moving Average (ARIMA) models to forecast 
PV power generation from a 22 kW PV system. A comparative analysis with linear regression highlighted the 
superior performance of ARIMA models, particularly in capturing seasonal patterns and handling the inherent 
variability of solar radiation. ARIMA (1,0,5) model was selected as the most efficient, with highest accuracy 
during summer, confirmed by the Mean Absolute Error (MAE) of 1.219 and R² = 0.899, likely due to stable and 
high levels of solar radiation. The highest error is observed in winter with MAE of 1.594 and R² = 0.631, which is 
attributed to the lower and more variable solar radiation typical of this season.

The findings of this research contribute to the advancement of VPP management strategies by providing ac
curate and reliable electricity forecasts. These forecasts can be utilized to optimize energy scheduling, demand 
response, and improve the grid integration of renewable energy sources, ultimately leading to more efficient and 
sustainable energy systems.
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1. Introduction

Currently, most countries are promoting policies to support the 
sustainability and growth of electricity generation from renewable en
ergy sources. Their goal is to mitigate the effects of climate change by 
enabling the transition towards a reliable, sustainable, and cost-effective 
energy system [1]. A climate-friendly energy system is characterized by 
decentralization, digitalization, and electrification [2]. The digitaliza
tion of power systems can be achieved through gradual installation of 
advanced metering technologies, enabling bidirectional communication 
between grid users and system operators. The new technologies are 
essential for implementing decentralized control strategies and opti
mizing the use of available resources. The transformation of energy 
systems is further driven by the emergence of new players, such as de
mand aggregators, storage and virtual power plants (VPPs), which can 
help maintain the security and quality of electricity supply as renewable 
energy integration increases [3]. Flexibility within power systems is 
essential for integrating high levels of variable renewable electricity, as 
a key source of supply for the future energy grid. A mix of generation and 
storage technologies, including flexible generation systems, is vital to 
offset the intermittency of variable renewable energy sources [4]. 
Furthermore, the power grids, especially distribution grids, are faced 
with significant challenges due to large scale integration of distributed 

energy resources (DERs) [5]. Some of the DERs are connected at con
sumers’ premises thus establishing new entities known as prosumers. 
The optimization of DERs’ and prosumers‘ operation may be supported 
by establishment of microgrids within the distribution systems. By 
allowing isolated operation of microgrids during emergency states, the 
consumers can still be supplied by local DERs which increases the 
resilience of the system.

In the context of the previously described changes in the energy 
systems, VPPs are gaining importance because of the possibility to 
integrate various entities for providing flexibility services to the grid and 
receiving financial benefits for the VPP participants. The operation of 
VPPs is not limited to this scenario as their participation in the electricity 
markets has been the main business model for these entities. These ac
tivities require increased security of information exchange between VPP 
participants. The research presented in [6] introduces a novel frame
work for Virtual Power Plants (VPPs) to optimize DERs administration 
using blockchain technology. By integrating blockchain with key VPP 
components, such as cloud services, grid operators, and DER forecasting, 
the framework enhances real-time bidding, scheduling, and energy 
efficiency.

On one hand, the increasing share of variable energies in the power 
system requires new approaches to maintain its secure operation, but on 
the other hand renewable generators have the ability to support its 

Fig. 1. Diagram of the VPP and its interaction with electricity markets and networks.

Diagram showing the workflow of the proposed methodology
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operation under emergency conditions, as described in [7]. The study 
presented in [8] reviews the role of renewable energy-based microgrid 
systems in promoting sustainability and reducing pollution, empha
sizing their importance in transitioning away from fossil fuels. It high
lights optimal design, advanced control strategies, and energy storage 
integration as critical for enhancing reliability, resilience, and economic 
efficiency. The study also explores emerging trends like AI and block
chain, showing a 30 % improvement in power reliability compared to 
traditional grids. Conversely, the paper [9] explores the electrification of 
transportation in Pakistan as a solution to severe air pollution and 
reliance on fossil fuels, analyzing policies, technical aspects, and stan
dards. Drawing on best practices from developed nations and current 
government incentives, it identifies challenges, opportunities, and 
strategies for integrating electric vehicles into existing power systems. 
Through a SWOT (Strengths, Weaknesses, Opportunities, and Threats) 
analysis, the study offers insights to guide Pakistan and similar devel
oping nations in promoting electric vehicle adoption to achieve envi
ronmental and energy goals.

The goal of a Virtual Power Plant (VPP) is to enable the joint 
participation of multiple energy-producing devices in electricity and 
flexibility markets. Popławski et al. [10] demonstrated this concept 
through a case study, highlighting the role of VPPs as data acquisition 
tools for PV energy forecasting. Similarly, Ullah and Mirjat [11] 
analyzed the interactive operational characteristics of VPPs in distrib
uted energy systems, further emphasizing their role in market integra
tion. Namely, apart from selling electricity VPPs can provide services to 
the grid operators utilizing the advanced control and communication 
systems, [12]. Despite numerous benefits in the concept of VPP (whether 
„technical“ or „commercial“), there is lack of knowledge in several as
pects when dimensioning and establishing a VPP.

Forecasting electricity production is essential for PV plants to 
participate effectively in electricity markets and optimize resource 
planning. Fara et al. [13] demonstrated that advanced models such as 
ARIMA and artificial neural networks (ANN) improve forecasting ac
curacy. Başaran et al. [14] conducted a systematic review of photovol
taic output power forecasting techniques, identifying key trends in the 
field. Similarly, Sobri et al. [15] provided a comprehensive overview of 
solar photovoltaic generation forecasting methods, emphasizing their 
applicability in energy management.

However, forecast uncertainty increases with longer time horizons, 
presenting challenges for Virtual Power Plant (VPP) energy manage
ment, as noted by Popławski et al. [10]. Numerous forecasting ap
proaches have been documented in the literature. Mellit et al. [16] 
categorized these into four main types: statistical models, machine 
learning techniques, physical models, and hybrid approaches. Statistical 
models, such as ARIMA, rely on historical data trends, as demonstrated 

in case studies by Atique et al. [17] and Kushwaha et al. [18]. Singh and 
Pozo [19] provide a methodology for developing ARMA models to 
forecast photovoltaic solar power output. Their work emphasizes the 
integration of such models into energy optimization frameworks, high
lighting the importance of accurate forecasting in operational planning. 
Machine learning techniques, including ANN-based models, have been 
extensively explored by Alcañiz et al. [20] and Runge et al. [21]. 
Kempitiya et al. [22] propose an artificial intelligence-based framework 
for optimizing bidding strategies in multiple frequency reserve markets. 
They address the challenges of uncertainty in renewable energy and the 
need for data-driven decision-making in reserve procurement. Physical 
models, which utilize numerical weather predictions and satellite im
agery, have been analyzed by Qing et al. [23] and Theocharides et al. 
[24], showcasing their potential for improving forecast accuracy. Shi 
et al. [25] develop a scenario-oriented approach to joint procurement 
and pricing of energy and reserves. Their model connects reserve pro
curement directly with potential uncertainties, aiming to minimize ex
pected system costs while ensuring reliability. Finally, hybrid 
approaches, which integrate elements of multiple forecasting methods, 
have been proposed by Abumohsen et al. [26] and Khadke et al. [27], 
demonstrating enhanced predictive performance through combined 
methodologies. Fernández-Muñoz and Pérez-Díaz [28] present optimi
zation models for the day-ahead scheduling of hybrid wind-battery 
virtual power plants. Nguyen et al. [29] propose a two-stage stochas
tic optimization model for VPPs participating in both day-ahead and 
balancing markets. They emphasize the role of energy storage systems in 
providing reserve services and managing the uncertainties of renewable 
energy outputs.

This paper introduces an analytical framework for electricity fore
casting tailored to VPPs, focusing on a case study at Ss. Cyril and 
Methodius University in Skopje (UKIM), North Macedonia. The frame
work addresses the unique demands of VPPs and considers the local 
context of the university. The motivation for this design is threefold: the 
successful operation of the PV power plant (PVPP) at the Faculty of 
Electrical Engineering and Information Technologies (FEEIT); successful 
applications of VPPs in Western European countries; and UKIM’s 
commitment to the energy transition and global sustainability goals. The 
conceptual design of the VPP, depicted in Fig. 1, illustrates potential 
electrical pathways among the university’s 74 facilities.

A significant research gap remains in integrating forecasting tech
niques with VPP optimization strategies for joint electricity and reserve 
market participation. The study addresses the gap by proposing a fore
casting framework tailored for VPPs, assessing its performance under 
seasonal variations, and discussing its applicability in market optimi
zation. The key contributions of this paper include: 

Fig. 2. PVPP at FEEIT, phase 1- 10 kWp installed power, positioned on roof area of building 1 and phase 2, 12 kWp installed power, positioned on roof area of 
building 2.
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• A comparative analysis of ARIMA and regression models for PV 
power forecasting, demonstrating ARIMA’s superior performance in 
seasonal adaptation.

• A case study analysis of a real-world VPP scenario, incorporating 
university electricity demand and regional solar radiation data.

• A discussion on integrating forecasting models into joint energy and 
reserve market strategies, highlighting the potential for enhanced 
VPP market participation.The paper is organized into four sections. 
The second section describes the measurement and data collection 
methods, as well as the statistical tools and evaluation criteria 
employed. The following section presents statistical analyses, 
including graphical representations of energy production forecasts. 
The final section provides the study’s conclusions, followed by an 
acknowledgment section that recognizes the contributions and sup
port received during the research.

2. Methodology

The methodology presented in this paper was tailored to the specific 
conditions for its application at the University, but it is replicable to 
similar cases. Therefore, in the next parts of this section the observed 
system elements and the data acquisition process are first described, 
followed by the applied statistical tools used in the procedure for fore
casting PV generation in a VPP. The last subsection presents the used 
performances indexes used in the analysis and comparison of the sta
tistical tools.

2.1. System description and data acquisition

This paper analyses data collected from a smart meter installed at 
FEEIT, along with online solar radiation data, to forecast electricity 
production from a 22 kW PV plant located on the faculty building roof 
(Fig. 1). At present FEEIT is the only unit at the University that has 
installed PV plant. In the future, the University VPP will consist of PV 
installations located on the rooftops of the various faculty buildings 
dispersed among six campuses. The VPP will be equipped with adequate 
communication and energy management systems to optimize the overall 
generation and consumption of the University.

The proposed VPP solution is considered to be cost effective because 
North Macedonia is situated in the temperate continental climate zone 
and the region experiences about 1400 kWh/m2 of direct solar radiation 
per year. Solar radiation data was sourced from the Photovoltaic 
Geographical Information System, [30] and Solar Radiation Data, [31], 
to make short term forecast for electricity production from PVs in Skopje 
(Lat. 4159′46“, Lon. 2125′54“). These online sources provide hourly data 
for: Global radiation on the inclined plane [W/m2], Sun height [o], 2-m 
air temperature [ ◦C] and 10-m total wind speed [m/s].

The PV system at FEEIT consists of Canadian Solar CS6K-280P 
modules, with a total installed capacity of 22 kW, as presented in 
Fig. 2. This small PV power plant (PVPP) has been operational since 
2018. The system also includes an energy storage solution utilizing a 
Lithium Titanate Oxide (LTO) battery (Yjnlog, model LTO66160H/40 
Ah). Energy storage charging is configured to draw power exclusively 
from the PVPP through the inverter. The inverter, a 3.3 kW three-phase 
Sunnlogical/Voltronics InfiniSolar 3P 10 kW model, is a versatile hybrid 
inverter that intelligently integrates solar power, AC utility, and battery 
sources to ensure a reliable power supply [32].

The smart electricity monitoring system includes both hardware 
(DTK smart tek, model SOMMY ES9L, Raspberry Pi 3) and software 
components. The system comprises of a measurement cabinet contain
ing the necessary equipment and an internet-based software application 
that displays the user’s electricity consumption data and automatically 
generates reports.

2.2. Statistical tools

To analyze the collected data, a statistical time series forecasting 
model, i.e. Auto Regressive Integrated Moving Average (ARIMA), was 
employed. Data visualization was carried out using histograms and 
violin plots. The used dataset originates from two main sources: smart 
meter data and publicly available weather information. During the study 
period, data was collected in CSV format, then thoroughly organized and 
prepared for analysis. Electricity consumption data, initially recorded at 
15-second intervals, was aggregated into hourly averages to improve 
manageability and relevance, calculated by averaging the readings 
recorded within each hour.

Fig. 3 illustrates the energy production forecast model developed for 
this study. The analysis starts with a comparison of the energy calculated 
based on weather station data and the measured energy generated by the 
PVPP. The objective of this study is to identify the most suitable forecast 
model for the PVPP installed at FEEIT in Skopje. This includes evalu
ating simulated and experimental results for short-term (one-day-ahead) 
electricity production forecasts, as well as long-term forecasts (seasonal 
analysis and three-day projections). Forecasting electricity production 
in the context of a PVPP holds significant commercial potential in the 
future.

The ARIMA model is selected for its simplicity but is applicable only 
to stationary time series. The "Autoregressive" (AR) component utilizes 

Fig. 3. Operation of the ARIMA model for the energy production forecast of a 
photovoltaic system.
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the relationship between a current data point and its preceding values, 
using regression to predict (forecast) future values. The "Integrated" (I) 
component involves differencing the data points to achieve stationarity, 
a necessary condition for applying ARIMA. Finally, the "Moving 
Average" (MA) component models the error term as a linear combina
tion of past error terms, allowing the model to adapt to sudden changes 
in the series [33]. ARIMA is a class of models that interprets a time series 
based on its own past values, including lags and lagged forecast errors, 
enabling the forecasting of future values [34]. Consequently, seasonal 
and non-stationary time series data in this study were transformed into 
stationary series to utilize the ARIMA model. Any non-seasonal time 
series that exhibits patterns, rather than random white noise, can be 
effectively modeled using ARIMA.

We are using the notation ARIMA(p,d,q), where:
p - the number of lag observations in the model, also known as the lag 

order,
d - the number of times the raw observations are differenced; also 

known as the degree of differencing, q - the size of the moving average 
window, also known as the order of the moving average, [35].

The term ‘Auto Regressive’ in ARIMA means it is a linear regression 
model that uses its own lags as predictors. Linear regression models 
work best when the predictors are not correlated and are independent of 
each other. The model is developed using advanced statistical tech
niques, with the best approach being chosen and validated through the 
Augmented Dickey-Fuller (ADF) test and the residual sum of squares.

2.3. Performance indexes

Selecting the best ARIMA(p,d,q) model involves a systematic 
approach to identify the optimal combination of parameters. Different 
statistics are commonly used to quantify the discrepancy, or error, be
tween forecast and actual observation to evaluate the performance of a 
method, [36]. The common error definition for the assessment is the 
hourly error eh, which is defined as: 

eh = Pm,h − Pp,h (1) 

where Pm,h is the average actual power in the hour and Pp,h is the pre
diction in the hour provided by the forecasting method [37,38]. Starting 
from the hourly error definition, the other error indexes used for the 
assessment can be derived: 

- Mean Absolute Error (MAE) 

MAE =
1
N

∑N

i=1

⃒
⃒Pm,h,i − Pp,h,i

⃒
⃒ (2) 

The MAE values for the different seasons indicate the average ab
solute difference between the predicted electricity production at time i,
Pp,h,i , and actual electricity production at time i, Pm,h,i. Lower MAE 

values suggest better predictive accuracy. 

- Root Mean Square Error (RMSE) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1

(
Pm,h,i − Pp,h,i

)2

√
√
√
√ (3) 

RMSE provides a measure of the average magnitude of the prediction 
errors, with larger errors being more penalized due to squaring. Lower 
RMSE values indicate better model performance. 

- R-squared 

R2 = 1 −

∑N
i=1

(
Pm,h,i − Pp,h,i

)2

∑N
i=1

(
Pm,h,i − Pm,h

)2 (4) 

Fig. 4. Linear regression model of correlation between the average hourly solar radiation and the hourly PV plant e nergy production-Eprod. for: a) Spring, b) Summer, 
c) Autumn, d) Winter, 2020.
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where Pm,h is the mean of the observed data. R2 indicates the proportion 
of variance in the observed data that is explained by the model. Values 
closer to 1 indicate better model performance.

3. Results and discussion

In this section the results of our study on the electricity forecasting 
from the PVPP at FEEIT are presented from different perspectives.

To enhance the accuracy of our forecasts for electricity production, 
firstly linear regression model was applied over characteristic days in 
each season. This initial analysis was performed to understand the cor
relation between historical data and forecasted electricity production 
values for spring, summer, autumn, and winter. The linear regression 
models served as a preliminary step before applying more sophisticated 
ARIMA models for a more detailed forecast. The linear regression 
analysis provided insights into the seasonal variations and trends in 
electricity production. The R² values for each season’s regression anal
ysis indicate the proportion of the variance in the dependent variable 
that is predictable from the independent variable. The results are visu
alized in the regression graphs in Fig. 4, where each graph represents the 
linear fit for one of the four seasons. The R² values given in Table 1
suggest the strength of the linear relationship between the variables, 
with higher R² values indicating a better fit. Notably, the R² value of 
0.927 in winter indicates a very strong linear relationship, while the 
summer value of 0.834, though slightly lower, still represents a robust 

model fit. The regression graphs presented in Fig. 4 are a clear visuali
zation of these relationships and form the basis for further analysis using 
ARIMA models to produce the final forecasts for electricity production. 
Correlation with electricity production, with other meteorological data 
was also investigated by lasso regression, [39] but did not show any 
statistical significance.

By comparing the linear regression results with those of the ARIMA 
model, we can highlight the improvements in forecast accuracy ach
ieved through more sophisticated time-series analysis. The ARIMA 
model’s ability to capture temporal dependencies and seasonal patterns 
offers a more delicate understanding and prediction of electricity pro
duction, especially during seasons with higher variability in solar 
radiation.

Short-term solar radiation forecasts were developed using the 
ARIMA. Three days were considered for the forecasting process. The 
statistics are significant in the case of ARIMA (1,0,5), this being the 
reason why this variant was chosen for analysis. By comparing the re
sults of the forecast with the measured values it was noticed that the 
ARIMA (1,0,5) model is more efficient than the ARIMA (1,0,4) and 
(1,0,3). The ARIMA (1,0,5) model was chosen after conducting several 
iterations. The statistical test used to determine the most suitable model 
was the Augmented Dickey-Fuller test. In the context of ARIMA, this test 
is applied to the residuals of a fitted model rather than the original se
ries, ensuring that these residuals do not exhibit autocorrelation. Fig. 5
illustrates the ARIMA model’s fit, showing the comparison between 
measured data (blue) and forecasted data (red), along with 95 % con
fidence intervals, for three representative days in each season. These 
"characteristic" days were selected based on the values of global radia
tion on an inclined plane, solar elevation angle, 2-m air temperature, 
and 10-m total wind speed for each season. Table 1 presents the results 
for three performance metrics—MAE, RMSE, and R²—evaluating the 
ARIMA forecasts under four scenarios.

The seasonal analysis of MAE values reveals that the ARIMA model’s 
predictive accuracy varies across the year. The model performs best 
during summer, with an MAE of 1.219, likely due to stable and high 
levels of solar radiation. In contrast, the largest error occurs in winter 

Fig. 5. The PVPP energy production forecast for 3 days in each season: a) Spring, b) Summer, c) Autumn, d) Winter, 2020.

Table 1 
Parameters for assessing accuracy of the ARIMA model for PVPP energy 
production.

Linear regression ARIMA model

R2 [/] MAE [kWh] RMSE [kWh] R2 [/]

Spring 0.875 1.404 2.034 0.893
Summer 0.834 1.219 1.776 0.899
Autumn 0.858 1.275 1.916 0.862
Winter 0.927 1.594 2.874 0.631
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(MAE of 1.594), which is attributed to the lower and more variable solar 
radiation typical of this season. These findings indicate that while the 
ARIMA model is generally effective, its performance is influenced by 
seasonal factors.

The analysis of RMSE and R² values further exemplifies the perfor
mance of the ARIMA model across different seasons. In summer, the 
model exhibits the lowest RMSE (1.776) and the highest R² (0.899), 
indicating excellent predictive accuracy due to stable and high solar 
radiation. Conversely, winter presents the greatest challenge, with the 
highest RMSE (2.874) and the lowest R² (0.631), reflecting the model’s 
difficulty in accurately predicting electricity production under low and 
variable solar radiation conditions. Spring and autumn show interme
diate results, with RMSE values of 2.034 and 1.916, and R² values of 
0.893 and 0.862, respectively. These results suggest that while the 
ARIMA model performs well in these seasons, the transitional weather 
conditions introduce some variability. These findings underscore the 
importance of considering seasonal variations in the predictive accuracy 
of the ARIMA model for the VPP. To enhance forecasting reliability, 
particularly in winter, incorporating additional weather-related vari
ables or employing more sophisticated modelling approaches may be 
necessary.

The violin charts show the density of the forecasted electricity pro
duction probability. The wider sections of the violin plot indicate a 
higher probability of electricity production at those values, while nar
rower sections represent lower probability, [40]. As it can be seen in 

Fig. 6, charts are relatively symmetrical, indicating a balanced distri
bution of forecasted values around the mean for each season. If the 
seasonal variations are analyzed, the forecasted electricity production 
has a relatively uniform distribution for spring, with a central peak 
around the median value (~6 kWh). The distribution is slightly flatter at 
the extremes. For summer, the distribution is more spread out compared 
to spring, with a peak around the median value (~6 kWh). The wider 
distribution suggests more variability in forecasted production, which is 
expected in summer due to longer daylight hours and potentially vary
ing cloud cover. When investigating the violin chart for autumn, the 
distribution is narrower, with a pronounced peak around 4 kWh. This 
suggests that the forecasted electricity production in autumn is more 
consistent and lower compared to other seasons. Also, for winter, the 
distribution is narrower and more concentrated around lower values, 
with a peak around 4 kWh. This is typical for winter due to shorter 
daylight hours and lower solar radiation. Each chart includes a marker 
(likely representing the median or mean value) along the centre line. In 
spring and summer, this marker is slightly higher than in autumn and 
winter, reflecting the expected seasonal variations in solar radiation and 
resulting electricity production.

Our study aligns with prior research on PV power forecasting, 
particularly those employing statistical and machine learning models [8,
9]. Studies such as [10] demonstrate that hybrid models combining 
ARIMA with machine learning techniques achieve higher accuracy. 
However, our research highlights the importance of seasonal 

Fig. 6. Violin plots showing the distribution of forecasted electricity production for whole season: a) Spring, b) Summer, c) Autumn, d) Winter, 2020.
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adaptation, as ARIMA performed well in summer but struggled in winter 
due to solar radiation variability.

In comparison with [11], which focused on forecasting for stand
alone PV systems, our study extends the scope to VPP applications, 
considering joint optimization of electricity and reserve markets. 
Research in [12] discusses the role of forecasting in demand-side man
agement, which complements our findings on optimizing VPP market 
participation. Furthermore, studies on reserve market optimization [13,
14] emphasize the need for accurate short-term forecasting, a critical 
aspect addressed in our proposed framework.

The results in this paper suggest that accurate forecasting can 
significantly impact VPP market strategies. As highlighted in [15], joint 
energy and reserve markets require precise short-term predictions to 
optimize bidding strategies. Our study provides insights into how fore
casting techniques can be integrated into these market mechanisms. For 
instance, the accuracy improvements demonstrated by ARIMA models in 
stable solar conditions can be leveraged to optimize reserve scheduling. 
Conversely, incorporating external variables such as temperature and 
cloud cover, as suggested in [16], could enhance winter forecasting 
accuracy. Future research could explore hybrid models combining 
ARIMA with deep learning techniques to address these limitations.

4. Conclusion

This paper highlights the successful application of ARIMA models for 
forecasting electricity production from a 22 kW PVPP installed on the 
roof of a faculty building. Among the configurations tested, the ARIMA 
(1,0,5) model proved to be the most effective, demonstrating statistical 
significance and strong performance.

An initial linear regression analysis served as a baseline, revealing 
significant seasonal patterns in the data. The R² values indicated strong 
fits across all seasons, with the highest in winter (0.927) and the lowest 
in summer (0.834). This showed that linear regression effectively 
captured much of the variance in electricity production. However, the 
ARIMA model provided a more advanced approach, leveraging its ca
pacity to account for temporal dependencies and the dynamic nature of 
solar radiation. It outperformed linear regression in spring (R² = 0.893) 
and summer (R² = 0.899), underscoring the importance of selecting 
models that can handle the complexities of time series data.

Interestingly, the ARIMA model’s performance in winter (R² =
0.631) was lower than that of the linear regression model (R² = 0.927). 
This is likely due to the increased variability and complexity of solar 
radiation during winter, which posed challenges for the ARIMA model. 
These findings suggest that while ARIMA generally offers a more robust 
forecasting method, it may require further refinement or supplemental 
techniques to better address periods of high variability and low solar 
radiation.

In the context of statistical methods like ARIMA, appropriate data 
preprocessing can be fundamental to achieving good performance and 
reducing computational costs. While this study did not remove night- 
time data samples, such an approach could be considered in future 
work, especially since these periods typically show no power produc
tion. Focusing on periods of actual energy generation could potentially 
enhance model accuracy and efficiency. Additionally, handling any 
missing data points through interpolation or imputation ensures the 
continuity and reliability of the time series data.

Violin charts provided a visual confirmation of the ARIMA analysis, 
highlighting the expected seasonal variability in electricity production. 
Specifically, summer exhibited the greatest potential variability, while 
winter showed the least. These observations are consistent with the 
ARIMA model’s findings, further supporting its suitability for this type 
of forecasting.

In summary, while linear regression models can offer useful pre
liminary insights, more advanced approaches like ARIMA are crucial for 
achieving accurate and dependable forecasts of solar electricity pro
duction. The findings of this study provide valuable guidance for energy 

management decisions within the Virtual Power Plant (VPP) framework, 
particularly in planning for seasonal variations. Future research could 
focus on incorporating additional variables or exploring other advanced 
time series models to improve forecast accuracy, especially during 
challenging seasons such as winter.
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