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Abstract: Accurately tracking planned output is a core requirement for ensuring the stable grid 

connection of hybrid wind-photovoltaic-storage systems. However, the strong randomness of wind 

and solar power output not only affects the tracking accuracy but also leads to frequent charge and 

discharge cycles of the energy storage system, thereby shortening its service life. To address this, we 

propose a control method for the energy storage system that accounts for wind and solar uncertainty, 

with the dual objectives of improving the planned output tracking performance and extending the 

energy storage system lifespan. By optimally controlling the charge and discharge of the energy 

storage system, this method enables the output of the hybrid wind-photovoltaic-storage system to 

track the planned output. The approach models wind and solar power joint distribution using Copula 

functions and applies K-means clustering to extract representative scenarios, reducing computational 

complexity. An interval control mechanism defines acceptable deviation ranges around planned 

output, minimizing unnecessary energy storage system activity during minor fluctuations. The core 

contribution is a generalized mutual entropy–proximal policy optimization control strategy, which 

quantifies non-Gaussian tracking errors using generalized mutual entropy while leveraging proximal 

policy optimization for adaptive learning and improved robustness. Real-world data validation 

demonstrated significant improvements: 31.6% reduction in average tracking error, 12.6% increase 

in output compliance within acceptable ranges, 33.4% reduction in maximum tracking error, and 

approximately 35% fewer ESS charge/discharge cycles. These results confirmed the method’s 

https://dx.doi.org/10.3934/electreng.2026015
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effectiveness in addressing renewable generation uncertainty while improving tracking performance 

and extending energy storage system service life. 

Keywords: generalized correntropy; reinforcement learning; tracking control, uncertainty and 

non-Gaussianity; wind-photovoltaic-storage hybrid system 

 

Abbreviations Full Forms 

ESS Energy storage systems 

PV Photovoltaic 

FMPC Fuzzy Model Predictive Control 

GC Generalized Correntropy 

PPO Proximal Policy Optimization 

MPC Model Predictive Control 

MSE Mean Squared Error 

KDE Kernel Density Estimation 

SSE Sum of Squared Errors 

MAE Mean Absolute Error 

PDF Probability Density Function  

1. Introduction 

Wind and solar energy represent the two major pillars of renewable energy development, 

offering significant growth potential for the future energy landscape. However, the inherent 

intermittency, variability, and unpredictability of these power generation sources result in substantial 

curtailment of wind and solar resources, presenting critical challenges to the secure, stable operation 

and economic efficiency of electrical power systems [1,2]. Energy storage systems (ESS) have 

emerged as a pivotal power regulation technology that effectively addresses the fluctuation issues 

associated with wind and photovoltaic (PV) generation. These systems offer distinct advantages, 

including environmental sustainability, high energy density, substantial storage capacity, extended 

operational lifespan, and operational flexibility [3,4]. Through strategic charging and discharging 

operations, energy storage systems can absorb excess renewable energy during peak generation 

periods and release stored energy during periods of low generation, thereby enabling the integrated 

wind-photovoltaic-storage system to maintain consistent output that aligns with predetermined 

dispatch schedules. This capability significantly enhances the stability and reliability of the broader 

electrical power system [5,6]. 

To optimize the alignment between actual output power and planned output power in 

wind-photovoltaic-storage hybrid systems, Li et al. [7] developed a model designed to enhance the 

cosine similarity between planned power curves and the combined power curves of wind, solar, and 

storage components. Their approach employs a particle swarm optimization algorithm to enable the 

hybrid system to effectively track planned power output. However, this methodology does not 

adequately account for the remaining capacity of the energy storage system, potentially resulting in 

excessive charging and discharging cycles that reduce system lifespan. To address these limitations, 

Niu et al. [8] proposed an energy storage control strategy for hybrid wind-solar-storage power 

generation systems. Their approach utilizes fuzzy simulation and dynamic particle swarm 
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optimization to minimize the error between actual and planned output while maintaining energy 

storage levels within optimal operational ranges. This methodology optimizes the charging and 

discharging strategy of energy storage stations to achieve improved tracking of planned output 

curves. Nevertheless, this method relies solely on instantaneous power data and lacks consideration 

of future wind and solar power generation forecasts. Building upon these limitations, Qi et al. [9] 

developed a power scheduling control strategy incorporating fuzzy model predictive control (FMPC) 

for real-time system optimization. Their approach applies variational mode decomposition 

technology to analyze the total capacity of the energy storage system, enabling rational power 

allocation. This methodology effectively reduces deviations between actual and planned power 

generation while improving the power tracking accuracy of energy storage systems. However, FMPC 

systems depend on predetermined models and exhibit slow decision update rates, limiting their 

effectiveness in real-time control applications. In scenarios characterized by extreme fluctuations in 

wind and solar power outputs, FMPC fails to provide the necessary flexibility for rapid adjustments, 

consequently affecting tracking accuracy. In contrast, reinforcement learning offers 

model-independent decision-making capabilities that operate directly based on current system 

conditions and provide rapid decision outputs, enabling real-time tracking of planned power output. 

Leveraging these advantages, Zhang et al. [10] implemented a deep deterministic policy gradient 

algorithm to coordinate power output across wind, photovoltaic, and energy storage systems, 

ensuring accurate tracking of grid dispatch instructions by the combined system. Through deep 

reinforcement learning, their approach dynamically adapts to stochastic variations and fluctuations in 

wind and photovoltaic power generation, thereby achieving real-time, efficient dispatch decisions. 

Wind farms and PV power stations within the same region demonstrate observable patterns and 

correlations [11]. While methods have successfully tracked planned output, they have not adequately 

addressed the correlation and uncertainty inherent in wind and PV power generation. By 

comprehensively incorporating these factors, the flexibility and robustness of wind-PV-storage 

hybrid systems can be significantly enhanced, enabling accurate tracking of planned output across 

generation scenarios. The Copula function has been extensively utilized to model the dependence 

between wind and PV power sources [12,13]. Meng et al. [14] developed a wind-PV 

complementarity coefficient using the Copula function to calculate Spearman and Kendall 

correlation coefficients, combining these with fluctuation coefficients to assess complementarity 

across indicators. To address the variability of wind and PV generation scenarios, Liang et al. [15] 

employed the Copula function to generate output scenarios for both energy sources. Similarly, Xu et 

al. [16] integrated the Copula method with Gaussian kernel functions to establish a dependence 

model for wind and PV power systems. These studies provide a robust theoretical foundation for 

analyzing wind-PV correlation and uncertainty, as well as for optimizing wind-PV-storage energy 

dispatch. Building on this foundation, Ru et al. [17] developed a probabilistic model for joint wind 

and PV power using the Copula function, identifying typical output scenarios and implementing an 

adaptive multi-objective fireworks algorithm with differential selection strategies to enhance 

environmental-economic dispatch models. Furthermore, Gao et al. [18] generated wind-PV coupled 

output scenarios based on Copula theory to characterize output fluctuations, subsequently applying 

an improved particle swarm optimization algorithm to minimize operating costs. 

However, the actual output of wind and PV power often exhibits significant non-Gaussian 

characteristics. Most tracking control strategies rely on traditional error metrics, such as mean 

squared error (MSE), to quantify the deviation between actual generation and planned output. These 
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conventional approaches struggle to effectively characterize and manage the non-Gaussian nature 

inherent in the tracking errors. In contrast, control laws formulated based on information-theoretic 

criteria, such as Central Error Entropy [19] and Generalized Correntropy (GC) [20], have shown 

superior performance in handling non-Gaussian disturbances. By incorporating entropy-based 

measures into the objective function, these methods offer enhanced robustness and improved control 

accuracy in addressing the complex tracking challenges posed by the stochastic and heavy-tailed 

behavior of wind and solar power outputs. 

Research on wind-PV-storage tracking control systems has not adequately addressed the impact 

of frequent charge-discharge cycles on the lifespan of energy storage systems. In wind-PV-storage 

installations, excessive cycling not only reduces battery service life but also increases operational 

and maintenance costs [21]. To address these challenges, we propose an energy storage control 

strategy that accounts for wind and PV power uncertainty while achieving planned output tracking. 

The proposed approach consists of three major components: 

(1) Uncertainty Quantification of Renewable Sources: Recognizing the correlation and 

uncertainty inherent in co-located wind and PV generation, a joint probability distribution is 

constructed using kernel density estimation and Copula functions. This distribution generates 

numerous correlated scenarios, which are subsequently reduced through K-means clustering to 

identify representative joint output scenarios for wind and PV systems. 

(2) Interval Control Strategy: To minimize frequent energy storage cycling within acceptable 

fluctuation ranges, a deviation band is established around the planned output based on 

day-ahead power forecasts. This interval control framework prevents unnecessary battery 

cycling while maintaining system performance. 

(3) Advanced Control Implementation: A control strategy utilizing Generalized 

Correntropy-Proximal Policy Optimization (GC-PPO) serves as the core execution layer, 

providing robust performance under varying operational conditions. 

The overall design of GC-PPO will be detailed in the following sections: In Section 2, we 

describe the wind–PV–storage hybrid system and define the formulated problem. In Section 3, we 

present the complete GC-PPO scheme, including the construction of the joint distribution model of 

wind and PV power output, the reduction of model complexity using K-means clustering to identify 

typical operational conditions, and the development of an optimized control strategy based on 

proximal policy optimization. In Section 4, we validate the efficacy of the proposed approach using 

experiments with actual data and include conventional optimal design schemes for fair comparison. 

Finally, in Section 5, we provide concluding remarks and summarize the key contributions of this 

research. 

2. Problem formulation 

2.1. Wind-photovoltaic-storage hybrid system model 

The wind-PV-storage hybrid system integrates three major components: A wind power 

generation subsystem, a PV power generation subsystem, and an energy storage subsystem. The 

integrated configuration optimizes renewable energy generation and storage capabilities through 

coordinated operation of these complementary technologies. 

The established wind-solar-storage hybrid system architecture is structured as follows: 
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where ( )ESSC t  is the energy storage system residual capacity at time t , ( )ESSC t  represent the 

change in capacity at time t , ( )ESSP t  is the energy storage system’s power output at time t , c  

and d  are the energy storage system's power output coefficient, respectively, t  is the sampling 

time, , ( )w pvP t  is the actual wind and PV power generation at time t , which has non-Gaussian 

uncertainty, and ( )gP t  is the wind-photovoltaic-storage hybrid system’s output power. 

2.2. Objective function 

To achieve the dual core objectives of extending the lifespan of the energy storage system and 

ensuring accurate tracking of the planned output, the overall objective function is constructed as the 

weighted sum of two subobjectives functions: (1) The deviation between the energy storage system’s 

remaining capacity and its ideal capacity, and (2) the deviation between the output power of 

wind-PV-storage hybrid system and the planned output. However, both aspects must be considered 

when formulating the objective function. 

Regarding the first aspect, due to the limited capacity of the energy storage system, it is 

essential to account for the variation in its remaining capacity while striving to track the planned 

output as closely as possible. This consideration is reflected in Eq. (2).  
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where ideal RC C   is the ideal remaining capacity of the energy storage system,   is the ideal 

capacity coefficient, and RC  is the rated capacity of the energy storage system. 

To further prolong its service life, frequent charging and discharging operations should be 

minimized. To this end, an interval control strategy is introduced by defining a reasonable tolerance 

band around the planned output. If the actual wind and PV power generation falls within this 

allowable range, the energy storage system remains inactive; i.e., no charging or discharging occurs. 

Accordingly, based on the day-ahead forecasted power, the planned output is defined as shown in 

Eq. (3). 
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where   is the deviation coefficient, PlanP  is the planned output, and PreP  is the day-ahead 

predicted power.  

The second consideration pertains to the operational characteristics of wind-PV-storage hybrid 

systems, where the combined output of wind and PV power exhibits a non-Gaussian distribution. 
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Conventional error metrics demonstrate limited effectiveness when addressing non-Gaussian 

disturbances and inadequately satisfy system requirements for planned output tracking accuracy. 

Generalized cross-entropy [22] demonstrates superior performance in managing non-Gaussian 

characteristics. Accordingly, we employ generalized cross-entropy as the metric for quantifying 

tracking error, as shown in the following equation:  
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where N is 96, representing the 96 time intervals in a day,   is the shape parameter,   is the 

bandwidth parameter, and ( )   is the gamma function. 

Therefore, the objective function consists of two parts, as shown in Eq. (5): 

 1 1 2 2min J J J       (5) 

where 1  and 2  are the weight coefficients. This objective function utilizes statistical 

information, enabling better adaptation to systems with non-Gaussian characteristics while balancing 

control accuracy and the service life of the energy storage system. 

3. Tracking control strategy for Wind-PV-Storage system based on GC-PPO 

The inherent variability and non-Gaussian statistical characteristics of wind and PV power 

generation present significant challenges for maintaining optimal system performance in hybrid 

renewable energy systems. To address these uncertainties and improve the tracking accuracy of 

wind-PV-storage hybrid systems in following planned output trajectories, we propose a novel control 

strategy based on GC-PPO. The proposed methodology leverages generalized cross-entropy 

techniques to effectively manage the non-Gaussian probability distributions characteristic of wind 

and PV power generation profiles. By integrating these techniques with the proven robustness and 

stability advantages of the Proximal Policy Optimization (PPO) algorithm in reinforcement 

learning-based policy optimization, the control strategy demonstrates enhanced system tracking 

performance under conditions of non-Gaussian uncertainty. The comprehensive framework for this 

approach is presented in Figure 1, illustrating the wind-PV-storage hybrid systems and the advanced 

control architecture designed to optimize system response to stochastic power generation patterns. 

The control scheme for tracking the planned output of the wind-PV-storage hybrid system 

addresses wind and PV power uncertainty through a three-stage methodology, as detailed in the 

following subsections. 

(a) Probabilistic modeling and scenario generation: The joint distribution of wind and PV power 

output is modeled using kernel density estimation in conjunction with a copula function. 

Representative scenarios are generated through random sampling and subsequently reduced using 

K-means clustering to identify typical operational conditions.  

(b) Training algorithm: The identified typical scenarios serve as training samples for the GC-PPO 

algorithm, enabling the development of an optimized control strategy.  



374 

AIMS Electronics and Electrical Engineering  Volume 10, Issue 2, 368–394. 

(c) Strategy validation: Ultra-short-term wind and PV forecasts are utilized to generate test scenarios, 

which validate the effectiveness of the trained control strategy under real-world conditions. 
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Figure 1. Control scheme for tracking planned output power with Wind and PV uncertainties. 

3.1. Modeling the correlation and uncertainty of wind and PV power generation 

Wind and PV energy systems are typically distributed across geographical locations within a 

region. However, their power generation often exhibits strong correlation due to shared 

meteorological conditions. To characterize the joint distribution of wind and PV power output in a 

given region, as shown in Figure 2, we employ kernel density estimation (KDE) and copula 

functions. To reduce computational complexity, the K-means clustering algorithm is then applied to 

identify representative scenarios from the full dataset, thereby generating typical operational 

scenarios for analysis. The complete modeling scheme is detailed in this subsection. 
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Figure 2. The procedures of wind - PV correlation modeling and scenario generation. 

3.1.1. Probability density of wind and PV power based on KDE 

The accurate characterization of uncertainty in wind and PV power generation is essential for 

developing statistically representative stochastic scenarios. Wind and PV power outputs are 

substantially influenced by meteorological variables, and their probability distributions frequently 

demonstrate complex non-Gaussian properties. These characteristics present significant challenges 

when attempting to model power generation patterns using conventional parametric distributions. 

KDE provides a robust non-parametric approach for capturing the intricate distributional 

characteristics of renewable energy sources. This method enables more precise representation of the 

underlying probability structures without the restrictive assumptions inherent in parametric modeling 

approaches. To address this challenge, we employ KDE [23] to calculate the probability density 

functions of wind and PV power generation. The wind and solar power sample data are 

1 1 2 2( , ), ( , ),..., ( , ) ( , )n nx y x y x y X Y . As illustrated in Figure 2, historical wind and PV power data 

spanning m days are used to construct probability density functions for wind and PV power across 96 

discrete time intervals within a 24-hour period. The mathematical formulations for these calculations 

are presented as follows: 
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where tx  is the PV power at time t , i

tX  is the PV power at time t  on day i , ty  is the wind 

power at time t , i

tY  is the wind power at time t  on day i , h  is the bandwidth, and ( )   is the 

kernel function, defined as follows: 
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3.1.2. Joint distribution of wind and PV power 

After obtaining the probability density functions of PV and wind power, the Copula function is 

employed to construct their joint distribution. The formulas are presented as follows: 

 ( , ) ( ( ), ( ))t t X t Y tF x y C F x F y   (8) 

where ( )X tF x  and ( )Y tF y  are the cumulative probability distribution functions of PV power and 

wind power, respectively, representing the probability that the variable is less than or equal to a 

certain value. There are many types of Copula functions, such as Frank-Copula, Clayton-Copula, and 

Gumbel-Copula [24]. To select an appropriate Copula function, correlation coefficients, like the 

Kendall rank correlation coefficient, Spearman rank correlation coefficient, and squared Euclidean 

distance, are often used to measure the degree of correlation between variables. They are also used to 

assess the fit of the Copula functions and select the optimal Copula function that can reflect the 

correlation between PV and wind power. 

(1) Kendall rank correlation coefficient 
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where a  is the number of PV and wind power sample pairs with consistency，b  is the number of 

PV and wind power sample pairs without consistency, and N is the total number of sampling points. 

(2) Spearman rank correlation coefficient 
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By sorting the PV power samples  1 2, , NX x x x   and the wind power sample 

 1 2, , NY y y y   by size, the rank ic  of the i-th sample ix  is its position in the sorted order. 

Similarly, the rank id  of iy  is its position in the sorted order. Additionally, 
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(3) Squared Euclidean distance 

The squared Euclidean distance serves as a goodness-of-fit evaluation metric that quantifies the 

deviation between the values of the empirical Copula function derived from sample data and the 
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corresponding values of the theoretical Copula function. The calculation formula is given as follows: 
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where ( )k X ku F x , ( )k Y kv F y , and ( , )sC u v  are the candidate theoretical Copula functions, and  

( , )eC u v  is the empirical Copula function. 

3.1.3. Scenario reduction 

Following the establishment of the joint distribution of wind and photovoltaic power, multiple 

scenarios of wind and PV power samples can be randomly generated. However, the substantial 

volume of generated power data presents computational challenges that require systematic reduction 

and scenario selection. To address this issue and identify representative scenarios of joint wind and 

PV power generation, we employ the K-means clustering method [25], a well-established clustering 

technique. 

The K-means algorithm partitions datasets into distinct groups by maximizing intra-cluster 

similarity while minimizing inter-cluster similarity. This approach serves dual purposes: Organizing 

and categorizing data while enabling effective data compression. However, the algorithm’s 

performance is critically dependent on the selection of the cluster number (K). Inappropriate 

selection of K can result in poor data structure representation, manifesting as either underfitting 

(insufficient clusters) or overfitting (excessive clusters). Consequently, determining the optimal 

number of clusters represents a fundamental requirement in developing effective clustering-based 

analysis and control strategies. To identify the optimal cluster number, we evaluate K-means 

performance across cluster configurations using established cluster validation metrics that balance 

intra-cluster compactness with inter-cluster separation. Specifically, the elbow method is 

implemented for K value selection. This approach involves calculating the sum of squared errors 

(SSE) within clusters for various K values, representing the cumulative squared distances from all 

data points to their respective cluster centroids. The optimal cluster number is determined by 

analyzing SSE trends as K varies, enabling the selection of an appropriate clustering configuration. 

3.2. GC-PPO control architecture 

Following the derivation of representative scenarios, the output power of the hybrid 

wind-PV-storage system is optimized to track the planned output through the solution of Eq. (5). 

However, conventional optimization methods exhibit limited generalization capabilities and are 

inadequate for addressing the inherent uncertainties associated with wind and PV power generation. 

Reinforcement learning offers the capability to make adaptive optimization decisions within 

uncertain environments. Therefore, we employ reinforcement learning to achieve the power tracking 

objective.
 

Figure 3 presents a schematic representation of the complete reinforcement learning 

framework. The RL components are formally defined as follows: 

(1) The state space encompasses the actual combined power output of wind and PV generation, the 

planned output trajectory, and the energy storage system’s remaining capacity: 

  ( ) ( ), ( ), ( )g Plan ESSS t P t P t C t   (12) 
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(2) The action space consists of the charging and discharging power commands for the energy 

storage system: 

  ( ) ( )ESSA t P t   (13) 

(3) Given the non-Gaussian characteristics inherent in wind and PV power generation, traditional 

mean error metrics prove inadequate for handling such statistical properties. To address this 

limitation, generalized cross-entropy is incorporated into the objective function in place of 

conventional mean error measures. This modification enables more accurate tracking 

performance under non-Gaussian disturbances by providing a more robust error quantification 

framework. Consequently, Eq. (5) is reformulated as follows: 
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Then, the tracking control problem of wind-PV-storage hybrid systems can be transferred into 

an optimization problem with the following constraint conditions: 

(1) Energy storage system capacity constraints: 
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where 
minSOC  and 

maxSOC  are the lower and upper bounds of the SOC of the energy storage 

system, and .minESSC  and .maxESSC  are the lower and upper bounds of the energy storage system's 

capacity, respectively.  

(2) Charging power constraint of the energy storage system: 

 .max (1 ) ( )
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(3) Discharging power constraint of the energy storage system: 
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  (17) 

where RP  is the rated power of the energy storage system.  

(4) Wind and PV power constraints 
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where .maxwP  is the maximum output of the wind power, and .maxpvP  is the maximum output of 

the PV power. 

To leverage stable and efficient policy optimization, we employ the PPO algorithm [26]. PPO’s 

primary advantage lies in its ability to restrict the step size of each update through a clipped 

surrogate objective function, ensuring that policy changes remain within reasonable bounds during 

each iteration. This approach provides enhanced stability compared to alternative policy optimization 

methods. To address the non-Gaussian distributions inherent in tracking the planned output of hybrid 

wind-PV-storage systems, we propose GC-PPO, which combines generalized cross-entropy with the 

PPO algorithm within the control framework. The designed reward function incorporates generalized 

cross-entropy to effectively handle the non-Gaussian characteristics of wind and solar power 

generation. The PPO algorithm enables adaptive iterative optimization of control strategies aimed at 

tracking the planned output of hybrid wind-solar-storage systems under uncertainty conditions. The 

comprehensive implementation procedures for the GC-PPO algorithm are presented in Algorithm 1. 
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Figure 3. Framework of the GC-PPO algorithm. 
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Algorithm 1: GC-PPO algorithm 

Training： 

1. Initialization: Initialize neural network parameters, the replay buffer B, the number of iterations N 

2. for i = 1 to N do 

3. Initialize the state s1 

4.    for t = 1 to T do 

5.       Select action ta  according to the strategy    

6.       If action ta  satisfies the constraint, then    

7.          Calculate the reward tr  and obtain the next state 1ts  .  

8.          Store the experience tuple ( ts , ta , tr , 1ts  ) into the replay buffer B 

9.       else   

10.          Re-select action 
safeta , which satisfies the constraints 

11.          Calculate the reward tr  and obtain the next state 1ts   

12. 
         

Store the experience tuple ( ts ,
safeta , tr , 1ts  ) into the replay buffer B 

13.       Compute the advantage function ˆ
tA  

14.    end for 

15.    for epoch = 1 to K do 

16.       Select mini-batches from the replay buffer B 

17.       Update the network parameters   by the gradient descent method  

18. end for 

19. Clear the replay buffer B 

20. end for 

21. Save the policy parameter   

Testing： 

1. Initialize state st 

2. for t =1 to T do 

3.    Choose the action ta  according to the optimized policy    

4.    Execute action ta  and update the state to 1ts   

end for 

 

The training process enforces strict adherence to operational constraints, requiring the selection 

of alternative actions whenever constraint violations occur. This constraint enforcement mechanism 

ensures that all data within the experience pool maintains compliance with established parameters. 

The framework incorporates interval control methodology through the implementation of permissible 

fluctuation ranges for planned output, derived from day-ahead power forecasting data. This 

interval-based approach minimizes the frequency of energy storage system charge-discharge cycles, 

thereby preserving output tracking accuracy while extending the operational lifetime of energy 

storage components.  

3.3. Evaluation metrics 

The performance evaluation framework centers on two major areas: The accuracy of planned 

output tracking and the operational status of the energy storage system. To comprehensively assess 

system performance, four key evaluation metrics have been established, with their respective 
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calculation formulas detailed below. 

(1) Probability of allowed range 
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  (19) 

This metric quantifies the probability that the actual output of the wind-PV-storage hybrid 

system remains within the predetermined tolerance band of the planned output. A higher metric value 

indicates superior tracking stability and more reliable adherence to planned generation targets. 

(2) Energy storage system output coefficient 
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where T is the total number of charge and discharge cycles of the energy storage system. A smaller 

value of scC  corresponds to reduced SOC fluctuations within the energy storage system, indicating 

enhanced stability near the optimal operating point with well-balanced charging and discharging 

performance. This operational stability enables the system to effectively respond to variability in 

wind and PV power generation, thereby enhancing the system’s flexibility and precision in adhering 

to planned power output targets. 

(3) Average tracking error 
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  (21) 

This metric is used to measure the average error between the output of the wind-PV-storage 

hybrid system and the planned output. 

(4) Maximum tracking error 

 max max | ( ) ( ) |g Plane P t P t    (22) 

This metric quantifies the average deviation between the actual output of the wind-PV-storage 

hybrid system and the planned output. 

4. Experiment studies 

To validate the effectiveness of the proposed GC-PPO tracking control strategy for hybrid wind, 

PV, and energy storage systems, we present a comprehensive comparative analysis. The evaluation 

framework employs three distinct control strategies: GC-PPO, MAE-PPO, and Model Predictive 

Control (MPC), implemented through real-world data training and multi-scenario testing protocols. 

The experimental methodology focuses on two critical performance metrics: The precision of 

planned power tracking and the operational characteristics of the energy storage system. This 

dual-focus approach ensures a thorough assessment of control accuracy and system reliability under 

varying operational conditions. 
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4.1. Experimental data and system parameters 

The experimental data is derived from the actual operational records of a wind-solar power 

station in Belgium. The real power and day-ahead forecast data from April to June 2023 are used to 

train the reinforcement learning agent. To enhance practical relevance, short-term forecast data and 

day-ahead forecast data from April to June 2024 are used as test data. Specifically, the short-term 

forecast is used to generate wind-PV power generation scenarios, while the day-ahead forecast is 

used to develop the generation schedule.  

The hybrid renewable energy system consists of a 60 MW wind power facility, a 140 MW PV 

power station, and an 80 MW energy storage system. The installed capacity of the wind and solar 

power systems is provided by the power station associated with the adopted dataset. The capacity of 

the energy storage system is configured based on the actual output data of the wind and photovoltaic 

power sources, with the core objective of ensuring that the system can effectively accommodate 

renewable power generation while smoothing power fluctuations. Economic efficiency is also a key 

consideration in the configuration process, as a larger storage capacity is not inherently advantageous; 

excessive capacity leads to increased system costs and resource inefficiency. The complete 

operational parameters for this integrated wind-photovoltaic-storage system are detailed in Table 1. 

Table 1. Parameters of the wind-photovoltaic-storage hybrid system. 

Parameter Symbol Value 

rated capacity of the ESS 
RC  80 MW 

charging efficiency of the ESS 
c  1 

discharging efficiency of the ESS 
d  1 

sampling time for wind and PV power t  15 min 

ideal SOC   0.5 

deviation coefficient   0.1 

upper limit of the SOC 
maxSOC

 
0.8 

lower limit of the SOC 
minSOC

 
0.2 

rated power of the ESS 
RP

 
30 MW 

4.2. Joint wind and PV power scenario generation 

Based on ultra-short-term forecast data spanning April 1, 2024 to June 30, 2024, potential wind 

and PV power generation scenarios for July 1 are derived using the joint distribution calculation and 

scenario reduction methodology for wind and solar power output outlined in Section 3.1.
 
The copula 

function selection process began with a comparative analysis. Table 2 presents the rank correlation 

coefficients and squared Euclidean distances for five copula function types. The analysis 

demonstrates that the Frank-Copula exhibits the rank correlation coefficient most closely aligned 

with the sample data while maintaining a relatively minimal squared Euclidean distance. These 

characteristics indicate the Frank-Copula’s superior capability in capturing the correlation intensity 

between wind and solar power generation. Consequently, the Frank-Copula is selected for calculating 
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the wind and PV power’s joint distribution. 

Table 2. Comparison results of different Copula functions. 

 
K  S  2d  

Frank-Copula 0.11606 0.15861 0.038781 

Clayton-Copula 0.12267 0.18295 0.045529 

t-Copula 0.13116 0.18402 0.037614 

Gumbel-Copula 0.11659 0.17326 0.039859 

Normal-Copula 0.038036 0.057029 0.06755 

Sample 0.1186 0.16167 0 

 

The joint distribution function of wind and solar power based on the Frank-Copula is as 

follows: 
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where ( )t X tu F x , ( )t Y tv F y , and   are the parameters of the Frank-Copula function. 

After obtaining the joint distribution of wind and PV power, numerous generation scenarios are 

randomly sampled from this distribution. The K-means clustering method is subsequently applied to 

reduce the scenario count to a manageable size. Determining the optimal number of clusters (K value) 

requires analysis of the underlying data distribution characteristics. The elbow method is employed 

to select the appropriate K value by calculating the SSE within clusters for various K values. The 

SSE represents the sum of squared distances from all data points to their respective cluster centroids. 

Through examination of SSE trends as K varies, an optimal cluster number can be identified. The 

SSE decreases progressively as K increases; however, the rate of decrease diminishes 

correspondingly. Beyond a certain K value, the SSE reduction rate slows considerably, creating an 

inflection point known as the “elbow” position. The K value corresponding to this elbow represents 

the optimal cluster number. Selecting excessively large K values, while continuing to reduce SSE, 

may result in model overcomplexity and increased computational burden. The elbow method 

effectively mitigates overfitting risks. As demonstrated in Table 3, the SSE decline rate becomes 

approximately constant when K reaches 5. Consequently, to minimize computational requirements 

while maintaining model effectiveness, K = 5 is selected as the optimal cluster number. 

Table 3. Rate of decline of SSE for different K values. 

K value 2 3 4 5 6 7 8 9 10 

decline rate 36.27 28.74 20.21 20.35 15.86 15.50 16.12 16.29 15.71 

 

Figure 4 presents the reduced wind and PV power generation scenarios obtained through 

K-means clustering analysis. These scenarios preserve the stochastic characteristics of renewable 

energy output while maintaining statistical representativeness through systematic cluster selection. 

This approach enables the quantification of probable generation profiles for wind and PV power 

systems.
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Figure 4. Wind and PV power generation scenarios. 

To elucidate the physical drivers underlying these output profiles, Table 4 provides 

meteorological interpretations corresponding to each clustered scenario. 

Table 4. Weather characteristics of typical scenarios. 

Typical Scenario Meteorological Type Weather Type 

Scenario 1 
moderate wind speed, moderate-to- 

low irradiance 
cloudy weather 

Scenario 2 low wind speed, low irradiance overcast weather 

Scenario 3 moderate wind speed, high irradiance 
sunny with breeze 

weather 

Scenario 4 rapidly changing wind speed and irradiance 
severe convective 

weather 

Scenario 5 high wind speed, moderate irradiance windy weather 

4.3. Training parameters and objectives 

We employ three control strategies as comparative benchmarks: GC-PPO, MAE-PPO, and MPC. 

MAE-PPO is the same as GC-PPO, except that the GC term in GC-PPO is replaced with mean 

absolute error (MAE) term in MAE-PPO. MPC is same as MAE-PPO but it is optimized by the 

conventional gradient method. The training objectives are separately established for all strategies, 

wherein each strategy must dynamically optimize the charging and discharging power of energy 

storage systems through continuous learning of key operational parameters. These parameters 

include the current actual output of wind and solar power generation, the planned output targets, and 

the SOC of the energy storage system. The primary optimization goals are twofold: First, to 

minimize tracking error between actual and planned output, and second, to maximize the operational 

lifespan of the energy storage system. The training parameters utilized for the GC-PPO 

implementation are detailed in Table 5. 
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Table 5. GC-PPO algorithm training parameters. 

Parameter Value 

Batch size 128 
Episode 2000 

Discount factor 0.9 

Learning Rate of Actor Network  0.00001 

Learning Rate of Critic Network  0.0001 

Clipping parameter 0.2 

Shape parameter 1.5 

weight coefficients 0.1, 0.9 

4.4. Simulation results and analysis 

4.4.1. Verification of GC-PPO's handling of non-gaussian characteristics 

Figure 5 illustrates the three-dimensional evolution of the tracking error PDF during the 

GC-PPO training process. As the number of training steps increases, the PDF curve corresponding to 

a tracking error of zero becomes increasingly concentrated and sharp, indicating that the model's 

tracking accuracy continuously improves as errors gradually converge toward zero. The evolution 

from an initially broad distribution to a final sharp peak visually demonstrates that the proposed 

GC-PPO algorithm effectively captures the non-Gaussian characteristics of wind and PV power 

output through generalized correntropy measurement, thereby reducing wind-solar power tracking 

errors and enhancing overall tracking accuracy. 

 

Figure 5. Evolution of error PDF in GC-PPO. 

To demonstrate the superior performance of the GC-PPO strategy, a representative scenario is 

analyzed. Figure 6 illustrates the tracking performance of planned output power, while Figure 7 

presents the variation in remaining capacity of the energy storage system. As shown in Figure 6, the 

GC-PPO strategy maintains output power within the planned range more consistently than the 
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MAE-PPO and MPC methods. The energy SOC variation shown in Figure 7 indicates that while the 

MPC method achieves SOC values closer to the ideal target of 0.5, the GC-PPO strategy maintains 

SOC fluctuations within acceptable limits.  

 

Figure 6. Output power of the wind-PV-storage system under different control strategies. 

 

Figure 7. SOC variation of the ESS with different control strategies. 

To provide a more quantitative assessment of tracking errors across the three control strategies, 

Figure 8 presents the probability density function (PDF) of errors at final convergence for each 

approach. The GC-PPO method exhibits the narrowest PDF distribution with the highest peak 

concentration, indicating superior tracking control performance. In contrast, the MAE-PPO and MPC 

methods demonstrate reduced effectiveness in managing wind and PV power generation 

characterized by non-Gaussian distributions, resulting in comparatively suboptimal tracking 

performance. 
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Figure 8. PDF of the tracking error under different control strategies. 

While MPC demonstrates a marginal advantage in SOC stability, this benefit is insufficient to 

offset its diminished tracking accuracy during periods of non-Gaussian fluctuations. In contrast, the 

GC-PPO algorithm achieves substantial improvements in tracking accuracy with only minimal SOC 

trade-offs, while maintaining compliance with the energy storage system's safe operating constraints. 

Although MPC exhibits SOC values closest to the theoretical ideal, GC-PPO demonstrates superior 

overall tracking accuracy despite a slight reduction in SOC performance. Consequently, when 

considering tracking precision and energy storage system longevity, the GC-PPO strategy represents 

a more advantageous solution. 

To provide a quantitative comparison of tracking performance among three control strategies 

under wind and PV power output uncertainty, evaluation metrics are calculated across five distinct 

scenarios, as presented in Tables 6-10.  

Table 6. Performance evaluation indices (Scenario 1). 

 Hit Rate (%) scC  e (MW) maxe (MW) t(s) 

GC-PPO 88.54 0.1587 0.4438  5.8414 0.110 

MAE-PPO 77.08 0.2191 0.5856  8.0526 0.045 

MPC 63.12 0.1822 0.5005 12.6095 2.162 

Table 7. Performance evaluation indices (Scenario 2). 

 Hit Rate (%) scC  e (MW) maxe (MW) t(s) 

GC-PPO 81.25 0.0610 0.5972 7.8931 0.052 

MAE-PPO 73.95 0.1652 0.9986 13.9158 0.048 

MPC 66.25 0.0485 1.0319 10.1588 2.199 
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Table 8. Performance evaluation indices (Scenario 3). 

 Hit Rate (%) scC  e (MW) maxe (MW) t(s) 

GC-PPO 81.25 0.0678  0.3945  6.1354 0.124 

MAE-PPO 72.91 0.1116 0.6263 9.8991 0.056 

MPC 67.29 0.0554 0.6732 10.0668 2.149 

 

The analysis reveals that GC-PPO achieves the highest tracking accuracy across all five 

scenarios, indicating that the wind-solar-storage hybrid system output remains within the planned 

output range with a superior probability compared to the MAE-PPO and MPC strategies. 

Furthermore, the average tracking error e  and maximum tracking error maxe  under GC-PPO are 

substantially lower than those observed with MAE-PPO and MPC. These results demonstrate that 

GC-PPO effectively addresses non-Gaussian uncertainty in wind-solar output by leveraging the 

combined advantages of generalized correntropy for handling non-Gaussian characteristics and the 

adaptive optimization capabilities of the PPO algorithm. This integration enables real-time response 

to system changes, continuous optimization of the decision-making process, and minimization of 

tracking errors and system fluctuations. While MAE-PPO employs PPO to address uncertainty, its 

inability to handle non-Gaussian characteristics results in suboptimal tracking performance. 

Although GC-PPO exhibits slightly longer runtime compared to MAE-PPO, this difference remains 

within acceptable limits for practical applications, particularly given its superior overall performance. 

MPC demonstrates the poorest tracking performance under wind-solar generation uncertainty due to 

its fixed optimization model and limited real-time feedback capability, which restricts the flexibility 

required to effectively manage system uncertainty. 

Table 9. Performance evaluation indices (Scenario 4). 

 Hit Rate (%) scC  e (MW) maxe (MW) t(s) 

GC-PPO 85.42 0.1053 0.4758 4.1423 0.045 

MAE-PPO 73.96 0.0715 0.8886 7.9659 0.050 

MPC 64.17 0.0963 0.7086 9.9154 1.994 

Table 10. Performance evaluation indices (Scenario 5). 

 Hit Rate (%) scC  e (MW) maxe (MW) t(s) 

GC-PPO 83.33 0.1035 0.4850 5.5923 0.049 

MAE-PPO 75 0.1787 0.5118 6.0965 0.049 

MPC 67.29 0.0768 0.6405 9.4725 2.339 

 

Regarding energy storage system operation, the energy storage output coefficients scC  under 

GC-PPO are lower than those of MAE-PPO across all five scenarios, indicating that GC-PPO 

employs a more balanced charging and discharging strategy. This provides enhanced flexibility in 

available capacity utilization and contributes to an extended energy storage system lifespan. In 

Scenario 4, the energy storage output coefficient scC  for GC-PPO marginally exceeds that of 
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MAE-PPO; however, this difference remains within acceptable limits given GC-PPO’s significantly 

superior tracking accuracy in this scenario. Although MPC demonstrates the lowest energy storage 

output coefficient scC  in most scenarios, it exhibits significant limitations in tracking accuracy and 

computational runtime. Consequently, MPC lacks the robustness necessary to adapt to uncertain 

operating conditions and, due to inadequate real-time performance, fails to satisfy the fundamental 

requirements for real-time dynamic control in wind-solar-storage integrated systems. Overall, the 

comparative analysis demonstrates that GC-PPO delivers optimal performance for 

wind-solar-storage hybrid system control under uncertainty, offering superior tracking accuracy, 

balanced energy storage utilization, and acceptable computational efficiency for real-time 

applications. 

Based on the ultra-short-term forecast data from April 1 to June 30, 2024, five possible joint 

wind-PV power generation scenarios for July 1 are generated using the method described in Section 

3.1. These five scenarios are subsequently employed to evaluate the tracking performance of the 

power generation plan for July 1, validating that the GC-PPO algorithm exhibits favorable tracking 

performance. To further verify the generalization capability of the algorithm, tracking performance is 

also assessed using the corresponding power generation plans for July 2 through July 4. Table 11 

presents the performance evaluation results for these three days. The results demonstrate that the 

GC-PPO algorithm maintains stable and consistent tracking performance across power generation 

plans of different dates, confirming its adaptability and generalization capability in responding to 

fluctuations in practical application scenarios. 

Table 11. Tracking performance indices of the GC-PPO algorithm under different power 

generation plans.
 

 Hit Rate (%) scC  e (MW) maxe (MW) t(s) 

GC-PPO(Plan1) 88.54 0.1587 0.4438  5.8414 0.110 

GC-PPO(Plan2) 83.33 0.1298 0.5955 4.8686 0.050 

GC-PPO(Plan3) 85.41 0.1486 0.5292 5.4755 0.044 

4.4.2. Verification of the effectiveness of interval control 

Figure 9 illustrates the charging and discharging power profiles of the energy storage system 

under three control strategies with interval control, compared to the GC-PPO control strategy without 

interval control. Table 12 presents the charging and discharging cycle counts for the energy storage 

system under the GC-PPO strategy with interval control and the GC-PPO strategy without interval 

control across five operational scenarios. The results demonstrate that the implementation of interval 

control mechanisms substantially reduces the frequency of charging and discharging cycles 

compared to strategies without interval control. This reduction mitigates degradation caused by 

frequent cycling operations, enabling the energy storage system to maintain periods of operational 

rest between power adjustments, thereby extending its operational lifespan. The interval control 

methodology ensures that deviations between the hybrid wind-solar-energy storage system output 

and the planned output remain within acceptable tolerance limits. By achieving satisfactory tracking 

performance while minimizing energy storage system wear, this approach effectively prolongs the 

service life of the energy storage infrastructure. 
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Figure 9. Charging and discharging power of the energy storage system. 

Table 12. Number of charging and discharging cycles of the energy storage system. 

Control Strategy Scenario 1 

 

 

Scenario 2 Scenario 3 Scenario 4 Scenario 5 

GC-PPO  

(Interval-Free) 
96 96 96 96 96 

GC-PPO 

(Interval) 
60  70 65 54 71 

Experimental results show that compared with other control methods, the GC-PPO control 

strategy demonstrates superior tracking performance in the five typical scenarios: The average 

tracking error is reduced by 31.6%, the probability of staying within the allowable range of planned 

output is increased by 12.3%, and the maximum tracking error is reduced by 41.4%. This verifies its 

robust tracking ability under the non-Gaussian uncertainty of wind and PV power. Moreover, the 

introduction of interval control reduces the number of energy storage charging and discharging 

cycles by an average of about 35%, effectively reducing energy storage wear while ensuring tracking 

accuracy, achieving dual optimization of tracking performance and energy storage life. Furthermore, 

the implementation of interval control methodology results in an approximate 35% reduction in 

energy storage charging and discharging cycles. This optimization effectively minimizes energy 

storage degradation while preserving tracking accuracy, thereby achieving simultaneous 

improvements in tracking performance and energy storage longevity. 

5. Conclusions 

In this paper, we address critical challenges in hybrid wind-PV-storage power generation 

systems, focusing on wind-PV correlation, output uncertainty, non-Gaussian characteristics, and the 

frequent charging-discharging cycles of energy storage systems during planned output tracking 

operations. We employ Copula functions combined with KDE to calculate the joint probability 

distribution of wind and solar power outputs, enabling quantification of correlation patterns and 

uncertainty characteristics inherent in renewable energy generation. K-means scenario reduction 

technology is implemented to manage computational complexity while preserving essential statistical 

properties of the renewable energy sources. A novel GC-PPO control strategy is proposed to 
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effectively address the non-Gaussian and stochastic nature of wind and PV power generation, 

resulting in enhanced planned output tracking performance. Additionally, an interval control 

mechanism is integrated to substantially reduce the frequency of energy storage 

charging-discharging operations, thereby extending system lifespan and improving operational 

efficiency. The research presents three major innovations: 

 Enhanced Non-Gaussian Uncertainty Handling: Generalized correntropy is incorporated into 

the objective function to leverage its robust characterization of non-Gaussian distributions. This 

advancement enables more accurate quantification of tracking errors between wind-PV-storage 

system output and planned targets, improving control accuracy in non-Gaussian operational 

scenarios.  

 Battery Life-Optimized Interval Control: A novel interval control methodology establishes 

appropriate fluctuation ranges for planned output. When renewable generation falls within 

predetermined thresholds, energy storage system actions are actively suppressed. Beyond these limits, 

the system executes charging-discharging operations to rapidly correct deviations. This approach 

maintains tracking precision while preventing excessive cycling, thereby extending battery service 

life.  

 Integrated GC-PPO Control Framework: The proposed framework addresses correlation and 

uncertainty in renewable power generation through two key mechanisms. First, generalized 

correntropy manages non-Gaussian characteristics of wind and PV output. Second, the adaptive 

capabilities of the PPO algorithm address generation uncertainty through stable policy optimization 

and high sample efficiency, enabling rapid adaptation to uncertain operational scenarios. The 

integration of generalized correntropy ensures robust control performance under non-Gaussian and 

uncertain conditions. 

We effectively address key challenges in hybrid wind-PV-storage power generation systems, 

including output correlation, non-Gaussian uncertainty, and frequent energy storage cycling, through 

an innovative framework integrating Copula-based probabilistic modeling with GC-PPO intelligent 

control. The proposed control mechanism significantly reduces energy storage degradation while 

maintaining tracking accuracy, achieving coordinated optimization of system tracking performance 

and economic lifespan. This work provides a novel technical approach for ensuring secure and stable 

operation of high-proportion renewable energy power systems. 

Although this study has achieved promising results in planned output tracking control, 

limitations remain. First, while we aim to extend energy storage lifespan by reducing 

charge-discharge cycles, we do not incorporate precise battery aging models or comprehensive 

lifecycle economic cost analysis, which limits the quantitative assessment of lifespan extension. 

Second, we focus on single-timescale tracking control and do not address the coordinated operation 

of wind-PV-storage systems across intraday timeframes or under multi-objective scenarios. 

In future studies, researchers could develop an energy storage optimization model that integrates 

electrochemical aging mechanisms with economic analysis, and expand to a hierarchical control 

framework featuring multi-timescale and multi-objective coordination. This would enable balanced 

optimization of lifecycle costs and comprehensive operational benefits while enhancing tracking 

performance. 
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