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Abstract 

The global shift to sustainable energy has led to a significant growth in the penetration of renewable 

energy sources (RES), mainly wind and solar electricity, in electrical grids. Although these resources 

offer substantial environmental and economic benefits, their incorporation presents challenges 

stemming from unpredictability, intermittency, and limited controllability. This article addresses the 

challenges associated with high penetration of renewable energy into the grid, including the 

management of power output uncertainty using quasi-dynamic simulation tools for both short- and 

long-term periods, as well as the analysis of profits, losses, and energy of a wind farm utilizing both 

basic energy analysis and probabilistic analysis in conjunction with Monte Carlo Simulation (MCS). 

This study is essential to ensure that the grid remains secure against stability challenges arising from 

fluctuations in power production from renewable energy sources. 

Keywords: decentralized energy systems; photovoltaic (PV) plant; uncertainty of renewable energy 

(RE); Wind farm; demand response 

 

1. Introduction 

Traditional power networks are characterized by a limited number of centrally situated, high-

capacity plants. Many countries are undergoing a swift transition to RE generation [1]. The global 

energy industry is experiencing a profound revolution propelled by the imperative to address climate 

change, decrease greenhouse gas emissions, and shift towards sustainable energy sources [2]. One of 

the primary measures is the enhanced incorporation of RES—specifically wind, solar, and 

hydropower—into electrical power systems [3]. This transition, also known as the high penetration 

of RE, has accelerated due to technical innovations, favourable regulations, and decreasing costs of 

renewable technologies [4]. This transformation offers significant environmental and economic 

advantages, although it also presents several technological and operational hurdles for grid 

operators. In contrast to traditional fossil fuel-based generation, renewable energy sources are 

intrinsically changeable, reliant on meteorological conditions, and regionally distributed [5].These 

attributes can affect grid stability, reliability, and efficiency if inadequately handled [6]. 

The research reveals that energy efficiency and RE technologies are fundamental components of 

the shift, and their synergies are equally significant [4]. RE has the potential to fulfill two-thirds of 

world energy demand and significantly aid in the reduction of greenhouse gas emissions required to 

maintain the average global surface temperature increase below 2 °C by 2050 [7]. A growing array of 

indications suggests a rapid energy transition that may significantly impact energy supply and 

demand in the forthcoming decades [8]. 

The shift towards substantial RE integration in power systems is propelled by a confluence of 

environmental, economic, technical, and policy-related influences [9]. These factors are reshaping the 

global energy framework and expediting the incorporation of RES such as solar, wind, and 

hydropower into electrical networks [2]. Presented below is a systematic summary of these major 

factors in Table 1. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 July 2025 doi:10.20944/preprints202507.1440.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.1440.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 21 

 

Table 1. High RE Penetration Drivers. 

Name Impact 

Climate Change Mitigation [10]. Increasing RE penetration is driven by greenhouse gas reduction. 

Policy and Regulation [11,12]. 

Government regulations, such as RE portfolio standards (RPS) and 

feed-in tariffs (FIT), have stimulated the expansion of renewable 

energy sources. 

 

Cost Reductions [13]. 
Recently, solar PV panels, wind turbines, and battery storage 

devices have become cheaper, making renewables more viable. 

Technological Advancements 

[14]. 

Power electronics, forecasting, and grid management innovations 

improve variable resource integration. 

This research examines the KK II Solar PV Plant, which is presumably one of the RE initiatives 

established under South Africa’s Renewable Energy Independent Power Producer Procurement 

Programme (REIPPPP) [15]. KK II solar PV is in the Northern Cape, South Africa (many RE projects 

are situated there due to high solar irradiance). This PV plant has a total installed capacity of 75MW 

[16]. Secondly, this study uses Metro Wind Van Stadens Wind Farm situated in the Eastern Cape, 

with an installed capacity of 27 MW, including 9 turbines of 3 MW each [17]. Figure 1(a & b) elegantly 

illustrates a solar power plant at sunrise, representing the emergence of renewable energy options. 

Figure 1 (c & d) illustrates the operation of wind energy, wherein these turbines transform kinetic 

wind energy into electricity, therefore enhancing a cleaner power system. 

 
(a) KK II Solar PV Plant 

 
(b) KK II solar PV solar panels at sunset 

 
(c) Metro wind turbine 

 
(d) Metro wind farm 

Figure 1. Solar Plant and wind farm. [source: Google photos]. 

2. Background Overview 

The incorporation of a substantial amount of RE into the power grid signifies a dramatic change 

in global energy systems [2]. The shift to high penetration of RE in power networks is essential for 

worldwide initiatives aimed at decarbonizing the energy sector, improving energy security, and 

fostering sustainability [18]. High-penetration of RE is a scenario in which a substantial percentage—
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generally 30% or greater—of a grid’s electrical output is derived from renewable sources, including 

solar, wind, hydropower, and biofuels [19]. 

2.1. Renewable Grid in South Africa 

Renewable Grid Firming in South Africa encompasses a collection of tactics and technology 

implemented to provide a reliable and stable electrical grid while accommodating the growing 

integration of variable renewable energy (VRE), including wind and solar sources [20]. As South 

Africa transitions from a coal-centric energy framework to a cleaner, more sustainable model, grid 

firming is important owing to the sporadic nature of RES [21]. Figure 2 represents the anticipated 

power generation composition for South Africa, contrasting data from 2010 with forecasts for 2050 

[22]. 

 

Figure 2. Projected generation mix in SA. [source: draft integrated resource plan 2010-2050—South Africa 

Department of Energy]. 

The long-term approach targets a net-zero power mix by 2050, incorporating wind, solar, hydro, 

biomass, and maybe nuclear energy [23]. Despite the reliance on fossil fuels, RE has also been on an 

upward trend, with wind energy contributing significantly [24]. 

Table 2 indicates that coal continues to be the primary source of power in South Africa due to 

the country’s large coal reserves; nevertheless, the promotion of RE is essential and cannot be 

overlooked until coal is exhausted and attention shifts to RES. 

Table 2. South Africa’s Installed Power capacity. 

Installed power sources Installed capacity (MW) Installed capacity (%) 

Thermal 45489 78 

Gas 2409 4 

Nuclear 1840 3 

Wind 2710 5 

Solar 2323 4 

Hydro 3393 6 

2.2. Load Demand Uncertainty 

Uncertainty in Load Demand pertains to the unpredictability and variability linked to future 

power consumption trends [25]. This unpredictability presents difficulties for power system design, 

operation, and dependability, particularly for the integration of RES and advanced smart grid 

technology [26]. The concerns associated with RE that must be considered when integrating it into 

the system are illustrated in Table 3. 
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Table 3. RE concerns. 

Renewable Energy Uncertainty 

Solar [27]. 
Local sun irradiance directly influences solar energy output, often managed by 

Beta. 

Wind [28]. 
Wind velocity directly influences wind energy production, commonly modeled 

using the Weibull distribution. 

Hydro [29]. Hydrological and hydraulic conditions influence hydropower plant production. 

Several variables contribute to load demand uncertainties, including weather variations, in 

which temperature, humidity, and cloud cover have a substantial impact on energy use, notably for 

heating and cooling [30]. Economic fluctuations, which are Industrial and commercial demand, can 

be challenging to anticipate [31]. There are two categories of uncertainty in loads: Short-Term 

Uncertainty, which encompasses variations in demand that occur minutes to days in advance (e.g., 

weather-induced fluctuations). Long-Term Uncertainty, which encompasses months to years in 

advance (e.g., demographic shifts, policy changes) [32]. 

2.3. Grid Reliability 

As the proportion of RE in a power system increases substantially, maintaining grid resilience 

becomes more intricate. This is attributable to the fluctuating and unpredictable characteristics of 

resources such as solar and wind energy [1]. It is crucial to accurately capture significant transient 

dynamics that may lead to network failure in actual power grids, as well as the emerging power-

balancing and stabilizing characteristics of these interconnected systems [33]. Prediction Uncertainty 

stemming from erroneous forecasts of renewable energy generation impacts system stabilization and 

reserve planning [34]. Flexible generation, such as gas turbines or hydroelectric facilities, enables 

rapid adjustment to mitigate the unpredictability of renewable energy [35]. 

3. Design and Implementation of RE into the Grid 

This section illustrates the integration of RE into the grid, outlining the mathematical 

methodologies employed in the construction of both wind farms and solar PV plants, aimed at 

diminishing the reliance on fossil fuels, which adversely impact both the environment and human 

health. 

3.1. Uncertainty of Wind Power 

Wind Energy Uncertainty signifies the unpredictable nature of wind energy generation resulting 

from the variability and limited controllability of wind resources. Unpredictability poses significant 

challenges for power system design, operation, and reliability, especially with the increasing 

integration of wind generation. The wind speed follows a Weibull distribution, with the probability 

density function (PDF) utilized for the wind variations. 
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The scaling index c may be derived from the average wind speed at a certain location, as seen in 
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Take into account the wind velocity, shape factor, and scale factor, referred to as v , K  and c , 

respectively, where, k 0,v 0   and c 1  Then, the wind power output can be stated as 
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ciV  , rV  and coV are recognized as cut-in wind speed, rated wind speed, and cut-out wind 

speed, respectively. 
0

wP is the rated power of a wind unit. 

The probability of each condition is expressed by the following equation: 
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Whereby 
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Where 2,sv  and 1,sv  represent the velocity restrictions in state w. 

3.2. Unpredictability in Decentralized Solar Energy 

The swift implementation of localized solar energy systems has revolutionized power 

generation by fostering sustainability and energy autonomy. The intrinsic unpredictability of solar 

energy generation presents considerable hurdles to grid stability, energy planning, and storage 

management [36]. Weather unpredictability, seasonal fluctuations, and the geographic distribution 

of PV systems contribute to inconsistent energy production, complicating precise forecasting [37]. 

The absence of centralized coordination among several small-scale producers complicates demand-

supply equilibrium and grid integration. 

The stochastic lighting intensity is the predominant component in solar generation. Numerous 

studies have shown that the probability density function adheres to the Beta distribution as 

   

1 1

max max

( ) R R
f (R)

( ) R R

− −
 +    

=    
             

 (6) 

Whereby stands for Gamma function,   and are the considerations, R is the illumination 

intensity,
maxR is the maximum value. The communication between the illumination intensity and 

the output power of a solar unit can be described as 
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Where rR represents the rated value and 
0

sP  represents the rated output power of the solar 

unit. 

This study used quasi-dynamic simulation, a modeling method that lies between steady-state 

and fully dynamic simulations. It illustrates the evolving behavior of a system over time in a 

simplified, often discontinuous or stepwise manner, rather than continuously recreating every 

transient characteristic. This method is utilized when extensive dynamic simulations are too 

resource-demanding or unnecessary, yet steady-state analysis does not sufficiently capture important 

time-dependent processes 

3.3. Available Transfer Capability (ATC) on the Wind Farm 
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Available Transfer Capability (ATC) indicates the highest supplementary power transfer 

capacity in the transmission network that may be utilized without breaching system restrictions 

(including temperature, voltage, and stability constraints) after considering existing commitments. 

In the context of wind farms, ATC pertains to the extent of supplementary wind-generated electricity 

that can be integrated into the grid and supplied to load centers. This network utilizes the boundary 

to ascertain the available transfer capability of the wind farm, excluding the rest of the network, to 

evaluate losses, earnings, and energy output of the wind farm. 

ATC TTC TRM CBM ETC= − − −         (6) 

The total transfer capability (TTC) is less than the transmission reliability margin (TRM), which 

is lower than the capacity benefit margin (CBM), and is also smaller than the aggregate of existing 

transmission commitments (ETC). This research did not examine TRM or CBM. Consequently, the 

ATC may be calculated by deducting the TTC from the ETC. 

ATC = TTC − ETC           (7) 

Whereby 
0

Di Di

i sin k i sin k

TTC P ( max) P
 

=  −          (8) 

Subjected to 

Where B is the set of all buses, GiP is the active power at the generator I, and DiP is the active 

power demand at the bus i  , ij is the voltage phase angle between the bus i and  is the scalar 

parameter. 
min max

Gi Gi GiP P P             (9) 

max

ij ijP P             (10) 

0

Gi Gi GiP P (1 k )= +             (11) 

This approach is intended for computing the ATC utilizing Monte Carlo simulations with a 

sensitivity analysis. 

3.4. Design of the Wind Farm and PV Plant 

This section discusses the implementation of both the wind farm and solar photovoltaic plant 

within DIgSILENT PowerFactory software. It outlines the design of wind turbines by including wind 

speed, the wind power curve, wind power capacity, distribution, and correlation. Furthermore, it 

indicates the design of the solar PV plant and its load characteristics, offering detailed information 

on the solar PV plant before its integration into the grid. 

Figure 4 illustrates the KK II solar PV plant, with 15 solar PV units, each producing 5 MW, with 

an apparent power of 7 MVA and a power factor of 0.9, utilizing active power input for energy 

generation. The solar PV systems are interconnected by an 11kV busbar and a 1km cable. 

Additionally, a 100MVA step-up transformer with a voltage rating of 11/22kV is employed to elevate 

the voltage to 22kV in KK II Solar PV, as seen in Figure 4. Figure 3 illustrates the voltage levels more 

effectively, with a minimum voltage of 16.5kV and a maximum voltage of 345kV. 
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Figure 3. Voltage levels. 

 

Figure 4. KK II Solar PV Plant. 

Figure 5 shows the wind farm integrated into the 39 bus England System, with 11 wind turbines, 

each rated at 2.778 MVA with a power factor of 0.9. The wind turbines are interconnected via an 11kV 

busbar and a 1km cable. 

 

Figure 5. Metro wind farm. 

Figure 6 illustrates the wind power curve applicable to all wind turbines utilized in this study; 

it is evident from this curve that the turbines achieve maximum power production at a wind speed 

of 16 m/s. 

The wind power capability curve describes the operational limits of an electrical generator, 

specifying the restrictions on the active and reactive power it can produce. The circle defines the 

boundary of all operational locations as seen in Figure 7. 
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Figure 6. Wind turbine speed. 

 

Figure 7. Wind power capability curve. 

The subsequent characteristics of wind turbines dictate the quantity of wind generated, 

fluctuating bi-hourly throughout the year. Winds 1 and 8 exhibit identical temporal features as seen 

in Figure 8, as do winds 3,9 and 10 as shown in (b). 

 
(a) Wind 1,2,5,6 & 8 

 
(b) Wind 3,9 & 10 

 
(c) Wind 4, 7 &11 

 

Figure 8. Characteristic wind generator time. 

The periodic characteristics of the KK II solar PV Plant exhibit bi-hourly fluctuations throughout 

the year, resulting in considerable unpredictability in the generated output power, as seen in Figure 

9 
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(a) PV 1, 14 & 9 

 
(b) PV 2, 5, 8, 10 and 13 

 
(c ) PV 3, 7, 11, 12 & 15 

 
(d ) PV 4 and 6 

Figure 9. Characteristic solar generator time. 

Figure 10 describes the characteristics assigned to both sources. Figure 10(a) shows the 

transformed distribution assigned to the wind turbine, incorporating wind speed and the Weibull 

curve. Figure 10 (b) depicts the allocation of prediction errors among generators and solar PV systems 

to forecast possible future mistakes. Figure 10(c) illustrates the utilization of the Weibull distribution 

for wind speed, employing the shape and scale parameters provided in Table 4. 

 
(a) Transformed distribution 

 
(b) Forecast error 

 
(c )  Characteristics based on load growth for 15 years 

 
(d) wind speed correlation 

Figure 10. distributed characteristics and wind speed correlation. 
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Table 4. Weibull curve parameters. 

Parameter Value 

Scale factor  10m/s 

Shape factor 2 

Confidence level 0.99999 

Wind speed step size 0.1m/s 

Figure 10(d) illustrates the correlation distribution utilized to establish a relationship among the 

11 wind turbines in the wind farm, with the correlation coefficient established at 0.99. A higher 

coefficient indicates a stronger relationship, with a value of 1 representing a perfect correlation. 

4. Results 

The case study is carried out and modeled in DIgSILENT PowerFactory, employing a wind farm 

located in the Northern Cape of South Africa, with an installed capacity of 75 MW. The 15 solar PV 

units, each having a capacity of 5 MW, are employed to produce energy from the KK II solar PV 

facility for the grid. It emphasizes the imperative of upgrading transmission lines to meet future 

demand while incorporating renewable energy into the current system, so improving electricity 

accessibility while accounting for the inherent power unpredictability of these sources. The findings 

are derived from load flow analysis employing the Newton-Raphson approach, while short- and 

long-term planning is executed via quasi-dynamic simulation to predict the potential available power 

across different periods. This method also enables the identification of whether the grid functions 

within allowable parameters, thereby reducing equipment overload and ensuring busbar values stay 

within acceptable levels to avoid grid instability. 

Figure 11 illustrates the simulated Metro wind farm, of 11 identical wind turbines, each 

generating 2.5 MW, which corresponds to 90% of their maximum capacity at a wind speed of 16 m/s. 

The total power generated is 27.39 MW, with minimal losses in the cables. This network indicates 

that the facility operates under typical conditions, as evidenced by the little box. Healthy components 

of the grid are represented by green in the little box in Figure 11, whereas the unhealthy components 

are shown by blue or red, depending on whether the voltage is low or high. 

 

Figure 11. Metro wind farm simulation network. 
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Figure 12 represents the KK II solar PV plant, with 15 identical solar PV units, each generating 5 

MW, or 71.4% of their total capacity. The total power output is 73.26 MW, with 1.74 MW lost in the 

cabling connecting the busbars. The KK II solar PV power system operates within acceptable 

parameters, hence improving system stability. 

 

Figure 12. KK II solar PV plant. 

Figure 13 illustrates the p.u. voltage over one year for the busbar in the wind farm. Despite 

variations, all busbars within the network function within constrained limitations. 

 

Figure 13. KK II solar Busbar Voltage p.u for 1 year. 

Figure 14 illustrates the metro wind farm undergoing quasi-dynamic simulation. Each wind 

turbine has distinct characteristics, as seen in Figure 8, resulting in variations every thirty minutes 

throughout the year. It demonstrates that WT1 has differing active power levels relative to WT3 
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Figure 14. Metro Wind Farm Under Quasi-Dynamic Simulation. 

Figure 15. illustrates the solar power plant under quasi-dynamic simulation, containing 15 solar 

PV units with distinct characteristics, as previously detailed in Figure 8. The figure demonstrates that 

PV1 differs from PV2 and PV3, highlighting the inherent uncertainty associated with RE. 

Furthermore, in contrast to Figure 12, the PV plant is currently generating a total output of 59.16 MW 

 

Figure 15. KK II Solar PV Plant Under Quasi-Dynamic Simulation. 

The variability in loading, evidenced by the non-uniform shape, contrasts with Figure 13, 

suggesting an anomaly in the voltage at busbar K in Figure 16. It illustrates that the PV plant 

functioned for one year, with the graph’s fluctuations indicating electricity production variations 

over different seasons, including vacations and weekends. 
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Figure 16. KK II Solar PV Busbar Voltage (p.u) for 1 year under quasi-dynamic. 

Figure 17. illustrates the busbar voltage p.u., indicating that all busbar voltages remain within 

permissible limits. Additionally, it is observed that the voltage decreases as load demand escalates. 

 

Figure 17. Effect of Load growth over 5 year period. 

Figure 18. displays the line voltage in p.u, which is still within permissible limits despite having 

increased in comparison to Figure 17. Moreover, Figure 18. illustrates that the PV plant operated for 

a decade, from 2024 to 2034. As the load demand escalated, the voltages on the busbars dropped, 

although they remained within permissible limits. 
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Figure 18. KK II Solar PV Load forecast over 10 10-year period. 

In conclusion, it is essential to emphasize RE to mitigate the use of dwindling fossil fuels. This 

study demonstrates how to analyze the PV plant to guarantee that its connection to the grid does not 

threaten grid stability. 

The energy study of the wind farm is executed utilizing a fundamental calculation method, 

which carries out a sequence of load flow computations over the spectrum of wind speeds from zero 

to the highest speed being evaluated. The wind farm consists of 11 wind turbines with uniform 

layouts. During the evaluation of wind speed, electrical losses in the network at each wind velocity 

are calculated by load flow analysis, considering the operational constraints of the turbine’s active 

and reactive power. 

Consequently, yearly energy losses are calculated utilizing a Weibull distribution of the given 

wind speed. This tool, grounded in load flow calculations, facilitates the identification of essential 

metrics like losses, energy, and profit. Figure 18. shows the fluctuation in wind speed with the 

electrical losses in the network calculated by load flow analysis for each wind speed. Figure 19 (a) 

presents the probability density curve for wind speed, whereas Figure 19 (b) displays the cumulative 

probability for wind speed. Figure 19 (c) illustrates the upper section, which shows the active power 

losses and active power of all wind turbines at the point of common connection as a function of wind 

speed, while the lower section displays the reactive power at the point of common coupling. Figure 

19 (d) delineates the transformer losses inside the wind farm, encompassing both total losses and line 

losses. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 July 2025 doi:10.20944/preprints202507.1440.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.1440.v1
http://creativecommons.org/licenses/by/4.0/


 15 of 21 

 

 
(a) Wind speed probability density 

 
(b) Wind speed cumulative probability 

 
(c) System losses over active power 
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(d) Total losses, line losses, and transformer losses. 

Figure 19. Basic energy analysis results. 

Table 5 outlines the methodology employed to evaluate the wind farm, specifically the 

fundamental analysis used to assess losses, profitability, and energy output. Initially, a method 

referred to as the boundary tool was utilized to isolate the wind farm from the rest of the network, to 

evaluate the potential power transfer from the wind farm to the entire network, whereby the PoC is 

the Point of Common Coupling, and USD is the United States Dollar. 

Table 5. Basic analysis of the wind farm. 

Basic Analysis 

Average power of power park over a year 11.3MW 

Total annual net energy output at PoC 98745MWh 

Total Average electrical energy losses per year 305.2MWh 

Number of hours of the power park full load operation 3668.5267 h 

Loss of profit due to losses in feed-in operation 15261.84 USD 

profit 4937249.24 

This study examines the management of uncertainty associated with RE through quasi-dynamic 

simulation, which can forecast power probabilities over extended periods. It also illustrates the grid’s 

reliability and stability, facilitating effective planning for the integration of RE into the system. This 

research is crucial as global attention increasingly shifts towards RE and the reduction of coal usage 

due to its detrimental effects. Additionally, it presents strategies for calculating losses, profits, and 

energy through basic analysis. 

The second component performs a probabilistic analysis using the QMCS approach, evaluating 

the tariff over a one-year duration. This methodology evaluates probabilistic data inputs and 

generates stochastic outcomes, from which statistical measures like mean values and standard 

deviations may be obtained. 

Figure 20 illustrates the wind farm undergoing probabilistic analysis, showing the mean power 

production for each wind turbine. MWT 7 has an average power output of 1.03 MW and an annual 

full load hour (FLH) of 3601.71 hours. 
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Figure 20. Metro WF under Probabilistic analysis. 

Figure 21 illustrates the wind farm undergoing probabilistic analysis, showing the mean power 

production for each wind turbine. MWT 7 has an average power output of 1.03 MW and an annual 

full load hour (FLH) of 3601.71 hours. 

 

Figure 21. Metro Wind Farm Annual load duration curve. 

Tables 5 and 6 delineate the approaches utilized for the study of the wind farm, namely 

fundamental analysis and probabilistic analysis, in evaluating losses, profits, and energy output. A 

technology called the boundary tool was initially utilized to isolate the wind farm from the rest of the 

network in order to evaluate the potential power transfer from the wind farm to the entire network. 

A comparison of both tables reveals that the average power throughout the year is practically 

identical. Fundamental analysis generates more returns than probabilistic analysis; nevertheless, it 

also results in increased losses. Moreover, the probabilistic analysis indicates that the mean power 

output of each turbine ensures network stability and electrical capacity. 
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Table 6. probabilistic analysis of the wind farm. 

Probabilistic Analysis 

Average power over a year 11.27MW 

Annual generation  99007.2 MWh 

Annual energy yield 98703.9 MWh 

Total Average Electrical energy losses per year 303.3 MWh 

Number of hours of power park full load operation 3655.7001 h 

Electrical losses (Price) 15163.29 USD 

Profit 4935195.16 USD 

4. Discussion and Future Trends 

The substantial integration of RE into the power grid is a pivotal aspect of the global energy 

transition, seeking to diminish reliance on fossil fuels, decrease greenhouse gas emissions, and bolster 

energy security. Integrating substantial amounts of renewable energy into the current grid 

infrastructure poses many technological, economic, and regulatory issues. This study used two 

renewable energy sources, namely solar PV plants and wind farms, to demonstrate the significance 

of integrating RE into the grid over an extended duration, considering the unpredictable power 

production associated with the incorporation of RE into the system. This work employs time 

characteristics linked to the operation of both wind turbines and solar PV plants to regulate power 

production, as seen in Figures 8 and 9. Initially, both plants provide uniform power, as seen in Figures 

11 and 12, which is further illustrated by Figure 13, showing the busbar with consistent voltage 

magnitude. The quasi-dynamic modelling tool demonstrates that the plants exhibit power variations 

based on their features over both short and long durations, further elucidated by figures 16, 17, and 

18. Furthermore, the research examines the wind farm, initially employing the boundary tool to 

illustrate the power generated by the wind farm to the broader network. It also analyzes losses, 

profits, and energy production from the farm through both fundamental and probabilistic studies as 

shown in Tables 5 and 6. 

Future trends regarding the extensive integration of RE into the grid, emphasizing both 

technological advancements and structural developments, are anticipated to influence the energy 

landscape. Enhanced Grid Flexibility and Modernization 

Smart Grids necessitate increased use of intelligent technology to regulate the real-time equilibrium 

of supply and demand. Enhanced forecasting that refined predictive instruments for sun, wind, and 

load fluctuations. Digitalization refers to the integration of Internet of Things (IoT), Artificial 

Intelligence (AI), and data analytics to enhance grid operations. 

5. Conclusions 

This article examines the viability of wind and solar energy as alternatives to traditional energy 

sources. It demonstrates how high penetration of RE may be integrated into the grid without 

compromising network stability in both the short and long term, while considering the uncertainties 

associated with its integration. Furthermore, the ability to determine losses, profits, and energy 

output from the plant is crucial for economic benefit. The results of this study use quasi-dynamic 

simulation to demonstrate the operational behaviors of both PV plants and wind farm plants under 

varying situations for both short-term and long-term scenarios. It employs basic energy analysis and 

probabilistic analysis in conjunction with Monte Carlo simulation to evaluate losses, profits, and 

energy. 
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