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Abstract: As the demand for renewable energy increases, it becomes more vital to efficiently integrate different resources

such as wind and solar energy. This study illustrates a novel integrated mechanism for analyzing a green energy generation

dynamical system utilizing the Fractal-Fractional (FF) sense of operators. We give a robust deep learning framework

designed to successfully model the complex interactions and nonlinear characteristics of these energy sources. This

mechanism leverages FF-calculus to improve the model’s efficiency, incorporating comprehensive error analysis and

advanced pattern recognition techniques. Our mathematical analysis confirms the feasibility of both the initial and

parametric values of the model, demonstrating its robustness. The existence criteria, uniqueness results, and stability

were also confirmed in the theoretical aspect of the work. Computational results show that the proposed hybrid system of

energy significantly outperforms traditional solar-only systems, achieving an efficiency improvement of approximately

25% in energy generation. This work not only supports the existing knowledge in renewable energy but also provides a

practical approach for optimizing green power generation systems by the use of artificial intelligence as a process innovation.
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EUS Existence and Uniqueness of Solution

PV Photovoltaic

FF Fractal Fractional

SOC State of Charge

MSE Mean Square Error

RL Riemann-Liouville

1. Introduction

Electric power generation encompasses the conversion of primary energy resources-fossil fuels [1], nuclear

reactions, and renewable sources such as solar, wind, hydro, and biomass-into electrical energy through thermodynamic,

electrochemical, or photovoltaic processes [2]. The theoretical and applied structures of power generation systems

are well studied in the works [3, 4]. Modern systems prioritize efficiency, reliability, and low emissions, integrating

advanced turbines, semiconductor power electronics, energy storage, and digital control to balance supply and demand [5].

Grid decarbonization challenges necessitate flexible operation, enhanced transmission infrastructure, and sophisticated

forecasting to accommodate variable renewables [6]. Policy mechanisms, market design, and investment in research

and deployment shape technological trajectories and determine the pace at which generation portfolios transition toward

sustainability over the coming decades globally [7, 8].

Solar-wind hybrid power generation systems integrate Photovoltaic (PV) solar arrays [9] and wind turbines into

a power generation system that uses the pair nature of solar and wind resources to make electricity more reliably and

efficiently than either source alone [10]. The modern development of renewable energy expanded momentum in the 20th

century as concerns about finite fossil fuels, energy security, and environmental degradation grew [11]. Photovoltaics

appeared commercially in the 1950s and gradually decreased in cost through materials innovation, economies of scale, and

manufacturing advances [12]. Earlier, wind power began as small-scale mechanical windmills, but it expanded in earnest

in the 1970s and 1980s [13]. The concept of hybrid renewable systems combining multiple resources to improve reliability

grew from early remote-area electrification projects [14]. In many off-grid or weak-grid locations, designers discovered

that relying on a single variable resource (only solar or only wind) required substantial energy storage or backup generation.

Because solar irradiance and wind speed often show different daily and seasonal patterns, combining them reduces periods

of low generation [15]. Pilot hybrid systems-pairing PV and small/medium wind turbines with batteries and sometimes

diesel backup-were trialed in island communities, telecom sites, and rural villages from the 1980s onward. As power

electronics (inverters and controllers), smart monitoring, and battery technologies matured in the 2000s-2020s, hybrid

systems turned into more sophisticated solutions capable of grid-connected operation, dispatch control, and optimized

energy management [16].

Solar-wind hybrid systems are versatile and can be designed for multiple reasons: Islands, remote villages, rural

public areas, rural institutions, and telecom towers benefit from hybrid systems that reduce or eliminate diesel dependence

and improve supply reliability. Community or campus microgrids use hybrid generation plus storage to provide consistent

energy that can island during grid outages [17]. Hybrid systems with storage provide a more continuous and predictable

injection of renewable energy, improving capacity factors compared to single-source farms. The hybrid systems can lower

electricity costs, back against price volatility, and provide suppleness for critical loads [18].

Efficiency and performance in the context of hybrid systems refers to both energy conversion efficiency of each

technology (PVmodule efficiency, wind turbine aerodynamic/mechanical efficiency) and overall system utilization-capacity

factor, effective energy given per installed capacity, and reduced limitation or fuel utilization. Wind often rises to highest

speed overnight or in different seasons than solar, combined systems achieve higher amount of energy than alone PV or wind

farms. For example, while a PV plant may have a capacity factor of 10%–25% depending on location and wind 25%–50%

for good sites, a hybrid system can raise average utilization through temporal smoothing. Combining wind turbines and

solar arrays can expand total energy generation on a site, improving land-use efficiency compared to separate installations.

Modern EMS and inverter systems optimize set points to reduce limitation, perform predictive dispatch using weather

forecasts, and balance charging/discharging to minimize losses [19]. However, overall system efficiency also differs
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based on design choices (turbine size and spacing, PV tilt and tracking, storage sizing), local resource profiles, and grid

integration limitations. Properly fabricated systems tailored to resource patterns and load profiles regularly overtake isolated

single-source installations in terms of reliability and levelized cost of electricity [20]. The global energy transition needs

rapid, large-scale deployment of low-carbon energy resources. Solar-wind hybrid systems address several critical needs:

Solar-wind hybrid systems are justified on multiple borders: Technically, their complementary generation profiles, with

wind often peaking when solar output is low and helping in smooth aggregate production, reduce periods of undergeneration

and improve reliability while lowering the storage capacity desired to achieve a given level of dispatchability; combining

resources and sharing interconnection, control hardware, and site infrastructure also yield economies of scale that reduce

capital and management costs per installed kilowatt. Economically, hybrids commonly achieve a lower levelized cost of

energy and life-cycle cost than equivalent single-resource projects that need more storage or firming fuel, while offering

multiple revenue streams from energy sales, capacity payments, and supplementary services; in off grid applications,

and predictable maintenance costs that validate the investment within attractive payback periods [21]. Environmentally

and socially, hybrids displace fossil generation, reducing CO2 and local air pollutants, generate local employment during

construction and operation, and deliver resilient and affordable power that supports sectors in rural areas [22].

Structure of the paper: The paper has been organized in five sections and is illustrated in the Figure 1. The first part of

the paper is about the introduction of the topic which include the literature review about the energy generation systems, its

applications, modeling, simulations, and fractional calculus. The second section is about the mathematical analysis of the

model including the Existence and Uniqueness of Solution (EUS), Hyers-Ulam Stability (HUS), and Lipchitz Condition

(LC)-criteria. In section 3, a numerical scheme for the model’s simulations is illustrated. Section 4 describes the deep

learning mechanism for the model. It include neural-networking, Mean Squared Error (MSE), and regression. The final

section is the conclusion of the paper which summarize all the findings of the paper and future directions.

Figure 1. A flowchart of the hybrid power generation system of the article
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1.1 Fractional order modeling of dynamical systems

Fractional Differential Equations (FDEs) extend integer-order calculus by permitting derivatives of non-integer

order, which naturally incorporate memory and hereditary effects into mathematical models. Due to the dependence

of fractional derivatives on past values of the function, therefore, FDEs are particularly effective for systems where

history influences current behavior-examples include viscoelastic materials that exhibit combined elastic and viscous

responses across time scales, anomalous transport in porous media and fluids, and biological processes with long-tail

kinetics or subdiffusive motion. Common fractional operators (Riemann-Liouville, Caputo, Grünwald-Letnikov) have

different analytical advantages depending on initial and boundary conditions, but analytical solutions are often difficult,

so researchers use special functions (e.g., Mittag-Leffler), transform methods, and tailored numerical schemes-finite-

difference, finite-element, spectral, and meshless approaches to handle the nonlocal memory terms efficiently. Overall,

FDEs frequently outperform integer-order models when describing long-range temporal correlations and anomalous

diffusion, making them a powerful operator in modern applied science and engineering [23, 24]. Their flexibility allows for

more accurate representations of dynamic systems, especially where classical models are not well useful [25, 26]. In the

recent works, the readers can see a bridging role of FDEs between theoretical analysis and computational results in many

research articles. For example, Khan et al. [27] considered a cancer model in the framework of discrete fractional derivative

and studied the model for both the theoretical and computational works. Ali et al. [28] considered a computational analysis

of the nonlinear mathematical system in real world problems. Ravichandran et al. [29] an epidemic model illustrating

computer virus dynamics in AB sense of fractional derivative.

Embedding fractal geometry into fractional derivatives produces the fractal-fractional derivative, which generalizes

integer and classical fractional calculus [30]. This operator models systems with long-range correlations and irregular,

non-differentiable behavior often seen in complex and natural phenomenon [31]. Bymerging fractal structure with fractional-

order dynamics, these derivatives capture both spatial heterogeneity and temporal memory that standard derivatives cannot

illustrate [32]. They effectively describe anomalous transport, subdiffusion, and superdiffusion, offering a more precise

mathematical description for various phenomena [33]. Consequently, this framework gives a more accurate mathematical

presentation for diverse phenomena-ranging from porous media flow [34] and viscoelastic materials to ecological patterns

[35] and signal irregularities [36]-where traditional calculus fails in presenting complexity and history-dependent dynamics.

Researchers increasingly adopt it to model real-world complex systems accurately [37].

Definition 1 Let U (t) is continuous in the (a, b), then fractional derivative of a, with order γ in RL sense with power

law is presented by [30];

aDγ, β U (t) =
1

Γ(1− γ)

d
dtβ

∫ t

a
U (τ)(t − τ)−γ dτ, 0 < γ ≤ 1, (1)

where

dU β

dy
= lim

t→y

U (t)−U (y)
tβ − yβ

. (2)

Definition 2 Let U (t) is a continuous function in the (a, b) and Fractional Derivative (FD) of U (t), of order γ in

RL sense with the exponential decay kernel is given by

aDγ, β U (t) =
M(γ)

1− γ

d
dtβ

∫ t

a
U (y)exp

(
− t − y

1− γ

)
dy, 0 < γ, β ≤ 1. (3)
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Definition 3 The FD of order γ in RL-sense of U (t) is given by

ABDγ, β U (t) =
AB(γ)
1− γ

d
dtβ

∫ t

a
(t − y)γ−1U (y)dy, 0 ≤ γ, β ≤ 1, (4)

where AB(γ) = 1− γ +
γ

Γ(γ)
.

Definition 4 The Fractal-Fractional (FF)-integral of a continuous U on the interval (a, b) of order in γ is given by

Iγ, β U (t) =
β

Γ(γ)

∫ t

0
yβ−1(t − y)γ−1U (y)dy. (5)

The FF-integral of U with order in β is given by

Iγ, β U (t) =
βγ

M(γ)

∫ t

0
yβ−1U (y)dy+

β (1− γ)tβ−1

M(γ)
U (t). (6)

A Banach spaceB= {u ∈C([0, T ] : R)}, with a norm ‖u‖= maxt∈[0, T ] |u(t)|, is considered for the mathematical

analysis of the hybrid system.

1.2 Artificial intelligence applications in science

Artificial Intelligence (AI) helps in detecting patterns in large datasets, learning system behavior, and giving more

real-time forecasts. Models like Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are

widely applied to time-series forecasting and anomaly detection [38, 39]. AI also helps solve inverse problems by inferring

system parameters from experimental observations. Additionally, machine-learning methods automate model selection

and finds parameters, and predict errors, enhancing the reliability of dynamical models. These capabilities reduce manual

works, accelerate discovery, and enable adaptive modeling as new data is produced. Consequently, AI-driven approaches

are increasingly applied in climate modeling, financial prediction, and engineering design, where systems are nonlinear,

high-dimensional, and data-rich, making data-driven insights essential for robust decision-making [40, 41], Zika virus

dynamics [42], HIV-AIDS simulations [43], contaminants mitigation and transportation analysis [44], sustainable energy

with AI [45] risk management and making more efficient, transparent, and resilient solutions can be studied in [46]. For

more related results on computational works including the regression analysis can be studied in the references [45–47].

1.3 Wind-solar hybrid dynamic model

We consider a five-state model representing the dynamics of a hybrid renewable energy system. The system is

governed by the following ordinary differential equations:

FF
0D

ϑ , ϖ

t X1 =−αX1 +βv3
w − γX4,

FF
0D

ϑ , ϖ

t X2 =−δX2 + εIs −ηX5,

FF
0D

ϑ , ϖ

t X3 = min(max(ζX2 −λX4, −0.01), 0.01) ,
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FF
0D

ϑ , ϖ

t X4 =−µX4 +νX1 −ρX3,

FF
0D

ϑ , ϖ

t X5 =−θX5 +κX4, (7)

where: X1(t): Rotor speed (rad/s), X2(t): Solar PV voltage (V), X3(t): Battery State of Charge (SOC, unitless),

X4(t): Grid current (A), X5(t): DC-link voltage (V), vw(t) = 7+2sin(0.05t): Time-varying wind speed (m/s), Is(t) =

max
(

0, sin
(

π(t mod 24)
24

))
: Normalized solar irradiance. The state variable X3(t) (battery SOC) is bounded such that

0 ≤ X3(t)≤ 1. If SOC reaches its upper or lower limit,
dX3

dt
is set to zero to prevent overshooting. The parameters are

explained in the Table 1.

Figure 2. A solar wind hybrid power generation system analysed by mathematical modeling and AI for the green energy dissipation

In Figure 2, we have highlighted the hybrid power generation system and its analysis through AI for the proposed

model of the study. In the presented model, wind dynamics influence the system through the time-dependent input

vw(t) = 7+2sin(0.05t), which represents the fluctuating wind speed. This input enters the rotor speed equation via the
cubic term βv3

w, directly impacting the evolution of X1(t), the rotor speed. The cubic dependence reflects the physical
principle that wind energy captured by turbines scales with the cube of wind speed. Consequently, vw(t) governs the
mechanical input to the system, modulating the rotor’s acceleration or deceleration. Thus, wind variability becomes a

fundamental driver of energy dynamics within this hybrid model.

Here, we highlight the importance, significance, validation and novelty of the model (7).

• Importance: This model has a vital role in understanding the integrated dynamics of wind and solar power

generation system. As renewable energy becomes a central part of global power generation, capturing the interplay between

environmental inputs and storage systems is essential for designing stable, efficient, and sustainable infrastructure.
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•Validation: The results produced by the model are consistent with known physical behaviors such as the rise and fall

of rotor speed with changing wind energy input, and the saturation of battery state-of-charge under steady solar conditions.

These conditions confirm that the model reflects practical engineering behavior and can be further validated against field

data from hybrid energy testbeds.

• Mathematical Feasibility: The system is constructed from coupled first-order DEs that are well-posed under

standard conditions. The use of saturation constraints, such as limiting battery SOC within [0, 1], confirms boundedness

and prevents unrealistic numerical divergence. Moreover, all terms are continuously differentiable, making the system

flexible to both analytical and numerical methods of solution.

• Significance: By simulating multiple cases by changing parametric values, the model provides information into

how system performance responds to variation in turbine efficiency or solar conversion rates. This potential to capture

sensitivity makes the model particularly useful for optimization studies and controller design in hybrid renewable systems.

• Impact: The framework can inform energy policy decisions, assist engineers in developing smarter grid structures,

and help academic researchers prototype to improve energy storage. Its versatility gives it to be adapted in a wide range of

climatic and geographical areas.

• Hybrid Superiority: Unlike standalone solar or wind energy systems, the hybrid system leverages the complemen-

tary nature of both energy sources-solar being strongest during the day and wind often with peak at night or under

cloudy conditions. This dual-input setup improves overall energy reliability and diminishes dependency on any single

environmental source, making the system more resilient and efficient in changing climates.

Table 1. Parameter descriptions and baseline values

Parameter Description Value

α Rotor damping coefficient 0.01

β Wind energy conversion coefficient Variable (e.g., 0.0003–0.0042)

γ Rotor-to-grid interaction factor 0.002

δ PV voltage decay rate 0.003

ε Solar irradiance conversion factor Variable (e.g., 5.0–24.5)

η DC-link consumption by PV 0.0001

ζ Charging rate from PV to battery 0.0025

λ Grid interference on battery SOC 0.0015

ρ Battery SOC’s effect on grid 0.005

θ DC-link voltage decay rate 0.005

κ Grid current contribution to DC-link 0.1

µ Grid current decay rate 0.01

ν Rotor contribution to grid 0.2

2. Mathematical analysis of the model

Using fixed point approach, we examine the necessary conditions for the solution existence of FF-model (7). For this,

we transform the FF-Wind-Solar hybrid power generation system (7) in the following integral form:
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

X1(t)−X1(0) =
ϑϖ

M(ϑ)Γϑ

∫ t
0 H(t, s)(−αX1 +βv3

w − γX4)ds+
ϖ(1−ϑ)tϖ−1

M(ϑ)
(−αX1 +βv3

w − γX4),

X2(t)−X2(0) =
ϑϖ

M(ϑ)Γϑ

∫ t
0 H(t, s)(−δX2 + εIs −ηX5)ds+

ϖ(1−ϑ)tϖ−1

M(ϑ)
(−δX2 + εIs −ηX5),

X3(t)−X3(0) =
ϑϖ

M(ϑ)Γϑ

∫ t
0 H(t, s)(min(max(ζX2 −λX4, −0.01), 0.01))ds

+
ϖ(1−ϑ)tϖ−1

M(ϑ)
(min(max(ζX2 −λX4, −0.01), 0.01))

X4(t)−X4(0) =
ϑϖ

M(ϑ)Γϑ

∫ t
0 H(t, s)(−µX4 +νX1 −ρX3)ds

+
ϖ(1−ϑ)tϖ−1

M(ϑ)
(−µX4 +νX1 −ρX3)

X5(t)−X5(0) =
ϑϖ

M(ϑ)Γϑ

∫ t
0 H(t, s)(−θX5 +κX4)ds+

ϖ(1−ϑ)tϖ−1

M(ϑ)
(−θX5 +κX4).

(8)

Now, we define some functions Qi and some constants ρ
~
i , iεN4

1 , for the main results of the paper.



Q1(t, X1) =−αX1 +βv3
w − γX4,

Q2(t, X2) =−δX2 + εIs −ηX5,

Q3(t, X3) = min(max(ζX2 −λX4, −0.01), 0.01) ,

Q4(t, X4) =−µX4 +νX1 −ρX3,

Q5(t, X5) =−θX5 +κX4.

(9)

The mathematical analysis of the FF-Wind-Solar hybrid power generation system necessitates specific assumptions to

ensure accurate modeling and reliable results. These foundational assumptions are critical for understanding the interactions

and efficiencies within the system’s components and overall performance of the model (7).

• (A~): The continues functions X1, X2, X3, X4, X5 and X ~
1 , X ~

2 , X ~
3 , X ~

4 , X ~
5 are contained within L[0, 1]

to the extent that ‖X1‖ ≤ ρ
~
1 , ‖X2‖ ≤ ρ

~
2 , ‖X3‖ ≤ ρ

~
3 , ‖X4‖ ≤ ρ

~
4 , ‖X5‖ ≤ ρ

~
5 for ρ

~
1 , ρ

~
2 , . . . , ρ

~
5 > 0 and constants.

Theorem 1 The kernals Qi are satisfying Lipchitz conditions if the assumptions (A~), is satisfied and φi < 1, for
i ∈ N5

1 .

Proof. First, we consider Q1(t, T) for the Lipschitz condition. We proceed for this below:

‖Q1(t, E)−Q1(t, E
~)‖‖(−βAE+ωR)− (−βAE~+ωR))‖β‖A‖‖E−E~‖ ≤ βρ

~
5 ‖A‖‖E−E~‖,
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where φ1 = βρ
~
5 . Hence, the LC criteria for Q1 holds true, as ρ1 < 1. For Q2(t, P), we get φ2 = σ , where ρ2 < 1, which

implies that Q2(t, P) also satisifies the LC requirement. Similarly, we have ρ3 = ρ , ρ4 = ω , and ρ5 = η . Since, ρi < 1,
for all i = 1, 2, . . . , 5, therefore, the Qi, for i, 3, 4, 5, are also holding the LC criteria. This completes the proof.

Theorem 2 The condition (A~), ensures the solution existence for the FF-Wind-Solar hybrid power generation

system (7) and is further implying the mathematical feasibility of the model.

Theorem 3 The assumption (A~), ensures the solution uniqueness for the FF-Wind-Solar hybrid power generation

system (7) and is further validating the mathematical structure of the model.

Theorem 4 The assumption (A~), guarantees the is Hyers-Ulam stability of the solution for the FF-Wind-Solar hybrid

power generation system (7) and is further implying the tolerance of the dynamical system against the small perturbation

in the initial stage.

Theorem 5 The assumption (A~), ensures the is generalized Hyers-Ulam stability of solution for the FF-Wind-Solar

hybrid power generation system (7) and is further implying that a slight variation in the solutions is not causing to a larger

deviation.

Note: As the article is focuses on the AI-based deep learning of the Wind-Solar hybrid power generation system (7),

therefore the mathematical proof is omitted in this work. However, we highlight the procedure for the proofs in literature

[27–29, 47].

3. Numerical scheme

The computational iterative loop for the simulation of the FF-Wind-Solar hybrid power generation system (7) is

illustrated here. Starting from: FFM
0Dς1, ς2

t mV(t) = ρ(t, mV(t))R, where mV(0) = mV0. This is equivalent to:

C
0 Dς1

t [mV](t) = ς2tς2−1
ρ(t, mV(t)). (10)

Applying Riemann-Integral, we have

mV(t) = mV(0)+
ς1

Γ(ς1)

∫ t

0
(t−ξ )ς1−1

ξ
ς2−1

ρ(ξ , mV(ξ ))dξ . (11)

Replacing (t) by tn+1 we have

mV
n+1 = mV(0)+

ς1

Γ(ς1)

∫ tn+1

0
(tn+1 −ξ )ς1−1

ξ
ς2−1

ρ(ξ , mV(ξ ))dξ . (12)

Using two-step Lagrange Polynomial to integrate (12), we get

ξ
ς2−1

ρ(ξ , mV(ξ )) =
ξ − t j−1

t j − t j−1
tς2−1

j ρ(ξ j, mV(ξ j))−
ξ − t j

t j − t j−1
tς2−1

j−1 ρ(ξ j−1, mV(ξ j−1)).

The integration yield, the following scheme
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mV
n+1 = mV(0)+

ς2hς1

Γ(θ1 +2)

[ n

∑
j=0

tς2−1
j Ω j

(
(n+1− j)ς1(ς1 +n+2− j)− (n− j)ς1(2ς1 − j+n+2)

)

−
n

∑
j=0

tς2−1
j−1 ρ j−1

(
(n+1− j)ς1+1 − (n− j)ς1(ς1 − j+n+1)

)]
.

(13)

The solution trajectories, and neural networks are trained to forecast E(t), C(t), and A(t) for β = 0.001.

(a) The Rotor speed (rad/s) developed by the Wind-Solar hybrid power
generation system of the model (7) for the variant β and ε as case 1

(b) The Rotor speed (rad/s) developed by the Wind-Solar hybrid power
generation system of the model (7) for the variant β and ε as case 2

Figure 3. The Rotor speed (rad/s) dynamics of the Wind-Solar hybrid power generation system of the model (7) for the case 1: β = 0.0003, 0.0004,
0.0005, 0.0006 and ε = 5.0, 5.5, 6.0, 6.5, and case: β = 0.0007, 0.0008, 0.0009, 0.0010 and ε = 7.0, 7.5, 8.0, 8.5

Figure 4. Solar PV voltage dynamics of the hybrid power generation system (7) for the variant β = 0.0011, 0.0012, . . . , 0.0018, and ε = 9, 9.5, . . . , 12.5
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In Figure 3, the Rotor speed dynamics X1 is illustrated driven by the wind-solar hybrid dynamical system (7) for

the case 1: β = 0.0003, 0.0004, 0.0005, 0.0006 and ε = 5.0, 5.5, 6.0, 6.5, and case: β = 0.0007, 0.0008, 0.0009, 0.0010
and ε = 7.0, 7.5, 8.0, 8.5. The case 1 is considered in the Figure 3a while the case 2 is illustrated in the Figure 3b. It is
observed that for the larger β and ε , the Rotor speed is more than for the smaller values of the parameters.

The solar photovoltaic voltage dynamics X2 of the hybrid power generation dynamical system is explained in the

Figures 4 and 5 for different values of β = 0.0011, 0.0012, . . . , 0.0018, and ε = 9, 9.5, . . . , 12.5. It is observed that for
the larger β and ε , there is a higher voltage generation of the system in comparison to the smaller values. The state of

charge (Battery SOC) X3 is illustrated in the Figure 6. We have also given the grid current dynamics of the hybrid system

in the figure. The two dynamics of the model are illustrated in Figure 6a and 6b. In Figure 6a, we observed that

Solar PV voltage for ε Solar PV voltage for β

Figure 5. Solar PV voltage dynamics under the hybrid system of Wind-Solar power generation system (7)

State of charge of the battery X3 measured by the dynamical system
of hybrid power generation system (7)

Grid current X4 dynamics by the hybrid power generation system
(7)

Figure 6. Illustrative figures for the state of charge of the battery and grid current dynamics of the Fractal-fractional power generation dynamical system
(7)
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Figure 7. Re-secured population of systems of different values of β of the FF-Wind-Solar hybrid power generation system (7)

In Figure 7, the DC voltage generated by the hybrid system given by the model (7) is illustrated for the different

β = 0.0035−0.0042, ε = 21−24.5.

4. Deep learning analysis

Here, we explain the training of an AI model to learn an optimal mapping (g) that projects input data (χ) to outputs

(Y) by minimizing a loss function (L
(
g(χ), Y

)
) through systematic adjustment of model parameters; this procedure is

demonstrated for the complex neural dynamics of a wind-solar hybrid mechanism model. A widely used optimization

method is gradient descent, which iteratively updates parameters according to

θ
(t+1); = ; θ

(t); −; η0, ∇L!
(
θ
(t)), (14)

where (θ ) represents the model parameters (weights and biases), (η0) is the learning rate, and (∇L(θ)) is the gradient
of the loss with respect to the parameters. The choice of (η0) affects convergence: an excessively large learning rate

can cause instability or divergence, whereas an overly small value leads to slow increase and prolonged training. In

practice, training commonly means learning‑rate schedules, adaptive optimizers (e.g., Adam, RMSprop), gradient clipping,

weight regularization, early stopping, and mini‑batch updates to stabilize training, accelerate convergence, and enhance

generalization. These techniques help the network capture multi‑scale temporal features and long‑memory effects inherent

in the fluctuation of weathers and wind flow.

In Figure 6a we present training results for the deep‑learning reconstruction of the wind-solar hybrid power generation

model in equation (7) using a fractional‑order (FF = 0.98), illustrating the model fit, convergence behaviour, and the

network’s ability to reproduce the system’s complex temporal dynamics.

A loss function quantifies the discrepancy between predicted and actual values. The MSE is calculated using the

formula: MSE =
1
n

n

∑
i=1

(Vi − V̂i)
2, where V̂i represents the predicted values. To evaluate the model’s ability to generalize

to new, unseen data, validation performance is measured. Cross-validation methods were employed to successfully group

the training data into distinct training and validation sets. The optimal validation performance recorded at the 759th epoch,

yielding a minimum MSE of 1.1547, at which point the simulations were concluded successfully.
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4.1 Neural networking

Adata of 600 points was considered for the neural networking. 300 data points were considered as training points while

300 as the targets. The data was trained as per Levenberg-Marquardt techniques. In the Figure 8, the neural networking

tabular description is presented for the FF-Wind-Solar hybrid power generation system breach and re-securing dynamical

system (7). Here, we have shown that the system has executed a total of 1,000 epochs in time 00:02:50. The performance

was considered the initial value 6.1×103 which stopped at 2.37×10−9. The gradient was initially considered 9.43×103

but it stopped at 1.92×10−4. µ at epoch 0 was 0.001 and stopped at 1×10−08. The training of the data was carried out by

the help of the Levenberg-Marquardt principle and mean square error was also calculated.

Figure 8. The deep learning analysis of the Wind-Solar hybrid power generation system, as described in (7), employs the Levenberg-Marquardt method
at FF-orders of 0.980.980.98. This approach evaluates performance, training conditions, error distribution, and regression estimates to optimize system
efficiency and accuracy in future predictions
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4.2 MSE mechanism

This section presents an AI-driven analysis of the MSE computed from the data produced by model (7). The MSE

provides a concise measure of average squared deviation between observed and predicted values and is used here to

quantify model precision, guide hyperparameter tuning, and compare alternative architectures. We also explain practical

considerations such as normalization of input data, the effect of outliers, use of cross-validation to estimate generalization

error, and reporting confidence intervals or bootstrap estimates for robustness. Together, these novel techniques help MSE

reliably reflects the predictive performance and stability of the computational model.

MSE =
1
m

m

∑
i=1

(
Vi − V̂i

)2
,

where Vi represents the true (observed) value, V̂i denotes the model prediction, and m is the total number of data points

used in the analysis. A smaller MSE shows higher model precision. The BVF highlights the ideal balance where the model

operates successfully on new data, preventing both overfitting and underfitting, thus ensuring strong generalization. This

balance is important for building consistent projecting systems that maintain accuracy beyond the training set.

Training the models data for the deep learning based analysis of FF-
Wind-Solar hybrid power generation system (7)

Mean Square Error for the intricate FF-Wind-Solar hybrid power
generation system (7) for the FF-orders 0.98

Figure 9. Training the models data for the deep learning based analysis of FF-Wind-Solar hybrid power generation system (7) and the best validation

performance 2.3767×10−07 at 1,000 epoch

In Figure 9, the training of simulation data for the FF-Wind-Solar hybrid power generation system (7) and the best

performance of the computational technique are illustrated. These aspects are highlighted in two subfigures. In the

Figure 9a, the gradient of the data is shown as 1.9194×10−4 at 1,000 epoch, the corresponding µ = 1×10−8. The best

validation performance of the data for the FF-Wind-Solar hybrid power generation system (7) is observed as 2.3767×10−7

at epoch 1,000. For the best validation, the system has considered three data scales. Including the training data set,

with validation and test. These are simultaneously plotted with best and the trained data has obtained the best validation

performance as 2.3767× 10−7 at 1,000 epoch, given in the Figure 9b. AI based regression analysis of the solar-wind

system for the motor speed are expressed in Figure 10a and 10b, respectively.
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The evaluation of FF-Wind-Solar hybrid power generation system (7) for the Regression

Error histogram of the FF-Wind-Solar hybrid power generation system (7)

Figure 10. Deep learning results for Wind-Solar hybrid power generation system (7) for the FF-orders 0.98 by Levenberg-Marquardt techniques for
regression and error estimations

4.3 Regression of the data

Regression analysis is employed to recognize and quantify relationships between variables in a dataset. It helps predict

outcomes, understand trends, and determine how independent variables control a dependent variable. This is extensively used
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in research, economics, and science for precise modelling and decision-making based on observed data. Linear and logistic

regression techniques are used for this work. It is mathematically determined with the following formulation:

Z= ϑ
~
0 +ϑ

~
1 V1 +ϑ

~
2 V2 + · · ·+ϑ

~
n Vn +ξ

~, (15)

here ξ~ is for random error. The γ~ is produced by the following optimization procedure:

ˆγ~ = (VTV)−1VTZ. (16)

And logistic-regression is evaluated by the following formulation:

P(Z= 1|V) =
1

1+ e−(γ~0 +ϑ
~
1 V1+...+γ

~
n Vn)

(17)

This function, guarantees output probabilities in between 0, to 1. We use for error histogram:

Ei = mVi −mV̂i, (18)

where, mVi are the actual values of the membrane potential while mV̂i are the predicted values. One can see some more

relevant works on the topic in [46]. Our analysis has presented regression analysis for the presumed and error estimation in

the computational data of the FF-Wind-Solar hybrid power generation system (7) in Figure 11 is illustrated. It is shown in

the Figure 11a, that the Regression for the training data set with the Out put ≈ 1∗Target +1.4×10−6 is 1. The output
for the validation is studied with the help of the relationship Out put ≈ 1∗Target −3.3×10−5. For the testing data, the

regression is 1 and is evaluated with the formulation Out put ≈ 1∗Target −1.7×10−4. All the data sets are jointly studied

for the regression in the against the target with the relation out put ≈ 1∗Target −2.4×10−5 as shown in the Figure 11a.

The evaluation of FF-Wind-Solar hybrid power generation system
(7) for the Regression

Error histogram of the FF-Wind-Solar hybrid power generation
system (7)

Figure 11. Deep learning results for FF-Wind-Solar hybrid power generation system (7) for the FF-orders 0.98 by Levenberg-Marquardt techniques for
regression and error estimations
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4.4 Clustering

Clustering is a core unsupervised learning technique in data science and machine learning, designed to identify

structure within datasets by grouping similar data points. Its primary objective is to divide a set of objects into subsets

(clusters) where objects within the same group share high similarity, and those in different groups are dissimilar. Clustering

plays a crucial role in various scientific domains, including genomics, image analysis, market segmentation, and renewable

energy modeling.

One of the most widely used algorithms is k-means clustering, which partitions n data points {x1, x2, . . . , xn} into k
disjoint clusters {C1, C2, . . . , Ck} by minimizing the intra-cluster variance:

min
C1, ..., Ck

k

∑
i=1

∑
x∈Ci

‖x−µi‖2,

where µi is the centroid of cluster Ci. In contrast, density-based methods like DBSCAN detect clusters of arbitrary shapes

without needing the number of clusters in advance.

Clustering algorithms vary in complexity, assumptions, and performance, depending on the structure of the data.

Accurate clustering enhances understanding of latent patterns, supports feature extraction, and serves as a preprocessing

step in predictive modeling and intelligent decision systems.
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Figure 12. Deep learning analysis of the FF-Wind-Solar hybrid power generation system (7) for the FF-orders 0.98 using Levenberg-Marquardt procedure
for the performance, training state, error histogram and regression estimations

In Figure 12, The clustering plot titled “Clustering: Grid Current vs DC Voltage” visually classifies the dynamic

behavior of the wind-solar hybrid system under 40 different parametric conditions using k-means clustering technique is

illustrated. The X-axis represents grid current, while the Y-axis shows the corresponding DC-link voltage. Four distinct

clusters are observed, each marked with a different color and symbol. The separation among clusters indicates that changes

in wind and solar input parameters significantly influence the electrical behavior of the system. Cluster 1 represents low

power regions, while Clusters 3 and 4 group high-performance operating points, supporting parameter-based optimization

and controller tuning strategies.

He Figure 13 illustrates how clustering algorithms partition data into distinct groups based on similarity. Each cluster

contains data points with high intra-group cohesion and low inter-group similarity. Such visual separation validates

the effectiveness of the clustering method used. This segmentation enables insightful analysis, pattern detection, and

data-driven decision-making in complex multidimensional systems like hybrid energy models.
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Figure 13. Deep learning analysis of the FF-Wind-Solar hybrid power generation system (7) for the FF-orders 0.98 using Levenberg-Marquardt procedure
for the performance, training state, error histogram and regression estimations
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Figure 14. Deep learning analysis of the FF-Wind-Solar hybrid power generation system (7) for the FF-orders 0.98 using Levenberg-Marquardt procedure
for the performance, training state, error histogram and regression estimations
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Figure 15. Rotor speed developed by the hybrid system and solar alone
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In Figure 14, This clustering plot analyzes the relationship between rotor speed and battery SOC in the hybrid

wind-solar energy system under various parameter configurations. The X-axis represents rotor speed (rad/s), while the

Y-axis denotes SOC values. The system data has been grouped into four distinct clusters, each with a unique marker and

color, highlighting operational similarities within each group. The spread of clusters reveals nonlinear behavior in battery

response to the variation in rotor dynamics. Higher SOC levels tend to occur at lower rotor speeds (Cluster 4), indicating

efficient energy capture, while wider SOC fluctuations appear at higher rotor speeds (Cluster 2 and 3).

In Figure 15, the computational results for the rotor’s speed for the hybrid system of wind and solar is compared with

that of the solar alone. It is observed that the speed for the hybrid speed is much higher than the solar alone.
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Figure 16. Grid current generated by the hybrid system and solar alone

In the Figure 16, the Grid current is analysed for and compared for both the systems. It is observed that the hybrid

system is generating higher level of the current in comparison to the solar system alone.
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Figure 17. DC voltage generated by the hybrid system in comparison with the solar system alone

In the Figure 17, it is observed that the hybrid system is capable of more DC-voltage generation in comparison to the

solar system alone.
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5. Conclusions

This paper highlights the importance of hybrid systems in power generation and confirm that the hybrid is escalating

the electricity production and is helping in the maintenance of the power in weather fluctuations and light variation.

For this, we considered a wind-solar hybrid power generation model in the FF-sense of derivative with five variables

including; X1(t): Rotor speed (rad/s), X2(t): Solar PV voltage (V), X3(t): Battery state of charge (SOC, unitless),

X4(t): Grid current (A), X5(t): DC-link voltage (V), vw(t) = 7+2sin(0.05t): Time-varying wind speed (m/s), Is(t) =

max
(

0, sin
(

π(t mod 24)
24

))
: Normalized solar irradiance. The state variable X3(t) (battery SOC) is bounded such that

0 ≤ X3(t)≤ 1. The model is first mathematically analysed for the existence of solutions and stability results. After these,

we established a computational scheme for the numerical simulations and the model is solved for the FF orders 0.98. The

simulations indicated that the DC voltage produced by the hybrid system is much better than the solar alone. Also, the

grid current for the hybrid system is better than the solar alone as a source of generation. Besides these, the rotor speed

was analysed and found much faster than the solar alone. Cluster analysis of these results were made for the DC voltage,

battery SOC. It was also observed that the model’s data were well fitted to the prediction results and were affirmed by

the artificial intelligence. For the training, validation and test results, we found that the regression was 1. These results

confirmed the validity of the hybrid systems and the following recommendations are suggested:

• Integration into Smart Grids: Given the stability and efficiency of the hybrid wind-solar model under fluctuating

weather conditions, it is recommended to integrate such systems into smart grids, particularly in regions with intermittent

renewable energy resources.

• Battery Management Optimization: The bounded behavior and performance of the battery SOC suggest that

improved battery management strategies-leveraging AI prediction models-can further enhance energy storage and dispatch

reliability.

• Deployment in Remote or Off-Grid Areas: The enhanced rotor speed, DC-link voltage, and grid current indicate

that hybrid systems are ideal for deployment in remote or off-grid locations where consistent power supply is critical and

standalone solar systems are insufficient.

•Adoption of Fractional-Order Modeling in System Design: The successful use of the FF-sense derivative and

order 0.98 in simulating dynamic system behavior shows that fractional-order modeling should be further adopted in the

design and analysis of renewable energy systems for more accurate and stable predictions. The model can be reconstructed

for the control of power loss and improvement of the energy generation by the help of modified ABC and stochastic

approaches.
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