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[bookmark: bookmark=id.30j0zll][bookmark: OLE_LINK29][bookmark: _Hlk188446255][bookmark: _Hlk157345090][bookmark: _Hlk157347092][bookmark: _Hlk188631283]Abstract—During the daily operation of photovoltaic (PV) array, it often encounters partial shading conditions, primarily caused by varying degrees of obstruction from moving clouds. One favored method for alleviating the negative impacts of partial shading conditions (PSC) is the reconfiguration of PV arrays. Nevertheless, the conventional method of PV array reconfiguration primarily focuses on maximizing power output, neglecting the consideration of switching device lifetime and the complexity of control involved. This paper introduces a bi-objective reinforcement learning approach for the dynamic reconfiguration of PV arrays in the presence of moving clouds. The objective is to maximize power output while minimizing the number of switches. To validate the efficacy of this approach, two distinct models of moving cloud scenarios were constructed, and simulations were conducted using a 10×10 PV array and a 15×15 PV array. Then, we compare it with other candidate algorithms. We found that the maximum power capacity achieved by the BiPPO algorithm is 22.62% higher than other algorithm. Meanwhile, compared to the other algorithms, BiPPO significantly decrease the frequency of PV array reconfiguration by 1.32 to 1.76 times at different time intervals. Through these comparative studies, we verify the effectiveness of the proposed approach.
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1. [bookmark: OLE_LINK47]Introduction
[bookmark: OLE_LINK1]Among various renewable energy types, photovoltaic (PV) arrays garner increasing attention due to their extensive applications and high energy conversion efficiency [1-2]. However, Optimizing the utilization of solar energy poses various challenges [3]. When shaded by trees, dust, or moving clouds, the PV array experiences reduced current production in shaded areas. Moreover, when the current flowing through the PV array exceeds the photocurrent that the shaded cells can produce, these shaded cells become a load, consuming power from the system. This results in the hotspot effect and a reduction in power output [4]. The utilization of PV array reconfiguration strategies can effectively mitigate the negative impacts of partial shading conditions (PSC) [5]. PV array reconfiguration optimizes system performance by dynamically adjusting the connections between PV cells[6]. This approach allows the system to maintain high efficiency under varying environmental conditions and reduces losses caused by shading[7, 8].
[bookmark: OLE_LINK14][bookmark: OLE_LINK2][bookmark: _Hlk188446350]Generally, PV array reconfiguration can be addressed through two main methods: static reconfiguration and dynamic reconfiguration. [9]. Static reconfiguration changes the position of the PV array without modifying its electrical connections, such as SuDoKu configuration [10], fixed reconfiguration [11], and skyscraper puzzle-based [12]. However, PSC undergoes continuous changes, and a single static reconfiguration may not consistently address all types of partial shades. In contrast, dynamic reconfiguration does not involve altering the physical position of the PV array. It modifies the connection arrangement of the PV array through electrical switches when PSC occurs [13]. Dynamic reconfiguration is more real-time and has been the subject of increasing research. Many heuristic algorithms were developed to address this issue., such as particle swarm optimization (PSO) [14], dragonfly algorithm [15], and honey badger algorithm [16]. The preceding study exclusively focuses on static shadow conditions. Nevertheless, in practical environments, certain shadows undergo continual changes over time, primarily attributable to moving clouds. For instance, the total output power of the PV array can be dramatically reduced when a moving cloud passes over a portion of the PV module or a sub-module, causing rapid and significant changes [17]. Presently, some studies are utilizing heuristic algorithms to tackle the reconfiguration of PV arrays amidst the impact of moving cloud [18].
However, the issue of moving cloud involves dynamic programming, requiring the maximization of returns throughout the entire PSC cycle rather than the current PSC optimal solution. Constrained by the characteristics of heuristic algorithms, they struggle to effectively address such problems [19]. With the development of artificial intelligence[20], reinforcement learning (RL) can address dynamic programming problems in complex environments through interactive learning with the environment, optimizing long-term decision-making [21]. For instance, multi-agent RL is used to build a two-layer solution model for distributed energy management [22]; the distributed multi-agent RL is used to determine the real-time electricity price adaptively and obtain the optimal supply strategy [23]. At present, RL has been successfully used to solve many dynamic programming problems and maximize benefits throughout the cycle. For example, optimizing the revenue of multiple integrated smart electric vehicle charging stations with PV and energy storage systems under a dynamic pricing strategy [24].
Currently, RL algorithms have been applied to solve several issues within the field of PV, such as parameter extraction of PV modules [25], maximum power point tracking (MPPT) [26], PV generation forecasting [27], and PV array reconfiguration [28]. However, the exploration of real-time PV array reconfiguration in response to dynamic shadows caused by moving clouds remains very limited, particularly in dynamically reconfiguring PV arrays by RL to maximize the benefits throughout the dynamic process of PV systems under moving clouds. Simultaneously, RL for PV array reconfiguration solely emphasizes power output maximization, neglecting considerations for the control complexity and lifespan of switching devices. [29]. If the focus is solely on maximizing the power output of the PV array reconfiguration, it may result in heightened control complexity and a shortened lifespan of switching devices.
To tackle this concern, the paper proposed a bi-objective PV array reconfiguration algorithm based on RL. The algorithm effectively addresses the dynamic programming problem caused by moving clouds, acquiring the optimal strategy throughout the entire cycle, and simultaneously minimizing switching numbers while maximizing power output. The paper formulates the PV array reconfiguration as a Markov decision process (MDP) and solves it by the proximal policy optimization (PPO) algorithm. Therefore, the main contributions of this paper can be outlined as follows:
· [bookmark: OLE_LINK43]In this paper, a moving clouds model is established to simulate and analyze the effect of moving clouds on the irradiance and power output of PV array. The problem of dynamic reconfiguration of the PV array based on shadows generated by moving clouds is formulated.
· Based on the PPO algorithm, this paper constructs a bi-objective PPO (BiPPO) algorithm for PV array reconfiguration using Pareto optimization. The BiPPO algorithm assigns reasonable weights ωi to bi-objective based on the dynamic environment, achieving the maximization of power output and the minimization of switching number, thus overcoming the limitations and shortcomings associated with manual parameter settings.
· By considering the dynamic process under moving clouds, the dynamic programming problem of PV array reconfiguration is solved. The switching action at the previous time step lays the foundation for the switching action at the subsequent time step, with the goal of achieving the optimal strategy throughout the entire PSC cycle.
2. Modeling and simulation of PV array and moving cloud
2.1 Modeling of PV Array.
[bookmark: OLE_LINK33]PV array consists of multiple PV modules, each comprising multiple series-parallel PV cells described by a single-diode model [30]. To simplify the representation of PV cell generation features, this paper utilizes a single-diode model, as illustrated in Fig. 1(a). The output current of a PV cell can be expressed as:

		
where the output current of the PV cell, denoted as Icell, is influenced by various factors. These include ILcell, representing the light-generated current of the PV cell; Id, which accounts for the current generated by the diode; and Ish, indicating the current through the shunt resistance.
In PV array, numerous PV modules are configured in a total-cross-tied (TCT) arrangement, where each PV module is connected in parallel within a row, and each row is connected in series, as illustrated in Fig. 1(b). The application of Kirchhoff's voltage law and Kirchhoff's current law enables the computation of the overall output voltage and total output current of the PV array[31].
[image: ]
[bookmark: OLE_LINK3]Fig. 1. (a) Single-diode based equivalent circuit of a PV cell; (b) A TCT connected PV array with 10×10 sized.
2.2 [bookmark: OLE_LINK27]PV Array Reconfiguration Analysis of TCT Interconnection
To demonstrate the influence of PSC on the PV array, a 2 × 3 PV array is used as an example, as depicted in Fig. 2. Significant variations in the I–V and P–V characteristic curves are observed when the PV modules are subjected to uniform irradiance, two different irradiances, and three different irradiances [3]. In this context, the divide-and-conquer (DC) theory is employed [28], defining the irradiance of each PV-Group as the cumulative irradiance received by all PV modules within that specific PV-Group.

		
The global reconfiguration of a PV array refers to the ability to change the electrical connections of each component within the array. By altering the switching matrix connection status, the actual position of each component within the array can be changed[14].
[image: ]
[bookmark: OLE_LINK46]Fig. 2.(a) PV array with different irradiance, (b)I–V and P–V characteristic curves of the PV array.
2.3 Modelling and Simulation of a Moving Cloud.
PSC occurs on the PV modules due to a moving cloud, leading to a decrease in irradiance and resulting in uneven insolation across the PV array. A method has been proposed in [32] for simulating a moving cloud. The distance Di, j between the PV module indexed as (i, j) at time tz and the center of the cloud is calculated by solving Eq. (3).

		
[bookmark: OLE_LINK31]where the v is the speed of the moving cloud. The practical range for the ratio of irradiance in each module spans from 0 to 1, as indicated in the following equation:

		
where ISC(i,j) are SC current of the module(i, j), and ISCo is the SC current of the non-shaded PV cell. Insolation is approximately proportional to the short-circuit (SC) current in the PV array represented as a 10×10 matrix. The inconsistency in PV module irradiance occurs due to shadows.
3. Proposed PV Array Reconfiguration method
3.1 PV Array Reconfiguration Problem Based on MKP
[bookmark: OLE_LINK18]The PV array reconfiguration based on moving clouds belongs to the dynamic programming problem. During this process, it is crucial to periodically assess and extract PSC at specific intervals, followed by the reconfiguration process, and the individual PV array reconfiguration problem at each time interval can be addressed using DC theory, this approach can be abstracted into an MKP [33]. The MKP problem can be formulated using the following [34]:

		
where Eq. (5) denotes the maximum total value of items placed into the knapsacks, serving as the objective function.

		
[bookmark: OLE_LINK15]where the first signifies that the total weight of items placed in each knapsack must not exceed the respective knapsack's capacity. The second and third equations indicate that each item can only be placed into one knapsack or not placed into any knapsack. In the equation, xij represents the decision variable, where xij equal 1 if item j is placed into knapsack i, and 0 otherwise.
[bookmark: OLE_LINK17]In this paper, the PV array reconfiguration issue is redefined as an MKP problem, structured with M PV-Groups, each comprising N PV modules. Given M×N components Tsk, where the irradiance of each PV module is denoted as Ssk (with s representing the s PV-Group, s=1,2,…,M, and k representing the PV module, k=1,2,…,N), the objective is to minimize the difference in the total irradiance among all PV module within each PV-Group. After each PV array reconfiguration, compute the maximum irradiance value Spvmax, and the minimum irradiance value Spvmin.

		
where decision variable Xsk takes values of 0 or 1, representing whether the PV module Tsk is not included or included in the s PV-Group. The constraints adhere to:

		

[bookmark: OLE_LINK129]where the first equation at (8) signifies that each PV module can only occupy one position, and the second equation denotes that each PV-Group comprises N PV modules. The disparity in irradiance among PV-Groups is defined as the difference between the maximum value and denoted as .
3.2 Bi-objective PV Array Reconfiguration Algorithm for RL
[bookmark: _Hlk188446741][bookmark: OLE_LINK8]In order to solve the MKP problem, this paper employs PPO algorithms to address this problem. with the overall architecture depicted in Fig. 3. First, the current state of the PV array and the real-time status of the moving cloud are obtained, and this information is used as input to form a Markov Decision Process (MDP). 
[image: ]
Fig. 3. Structure of the proposed Bi-PPO method.
Based on this, the BiPPO algorithm is employed to optimize the PV array. The algorithm alternately updates the PV array state and the weight ωi according to different states and environmental conditions, aiming to find an appropriate balance between maximizing power output and minimizing switching number. The entire process is carried out through iterative training, gradually approaching the optimal solution until convergence is reached and the optimal state is found [30].
3.2.1 MDP Formulation
[bookmark: OLE_LINK13]1) State: In the BiPPO algorithm, the state s pertains to the two PV-Groups with the maximum and minimum irradiance, defined as:

		
where Gmax and Gmin refer to the maximum and minimum irradiance in PV-Groups.
[bookmark: OLE_LINK21]2) Action: Action a means to minimize the irradiance difference inside the PV array by changing the switch. The number of switching devices change is denoted as Nstep.

		
where Xsh denotes the PV module Tsk is currently moved or not moved to another PV-Group.
[bookmark: _Hlk188446624][bookmark: OLE_LINK11]3) Reward: In this paper, the goal of reward-1 r1 is to reduce the irradiance difference between the two PV-groups with maximum and minimum irradiance after reconfiguration, Similarly, the reward-2 r2 is the number of switching devices change is denoted as Nstep, the more steps in the reconfiguration, the reports are smaller. So defined as follows:

		
where  and  are the maximum irradiance difference between PV-groups before and after reconfiguration. Therefore, the final reward R is defined as:

		
The reward R is obtained by multiplying r1, r2 with their corresponding weight ωi. The weighted summation approach ensures that different factors are balanced during the optimization process.
4) Constraints: The larger the ωi, the greater the impact on the final reward. Bi-objective requires prioritizing the attainment of maximum output power, based on which minimizes switching number. Therefore, the value of ω1 must be greater than ω2, and the value of ω1 is greater than 0.5. The constraint of ωi is defined as follows:

		
3.2.2 Bi-Objective Proximal Policy Optimization
PPO is a highly effective policy gradient algorithm widely recognized for its effectiveness in handling control problems [35]. For modeling the action a, the actor network produces a series of Gaussian distributions parameterized by Φp for PV array reconfiguration. These distributions generate the corresponding mean and standard deviation for the entire PV array, and the optimal action a is sampled using the stochastic policy π(a|s)

		

		

		
[bookmark: OLE_LINK9]where i∈{1,2}, ε(0<ε<1) serves as the core parameter, applied to restrict the difference in probabilities; the represents the normal policy gradient, while the clip(ρ(Φp), 1−ε, 1+ε) trims the policy gradient by limiting the probability ratio ρ(Φp) within the range [1−ε, 1+ε][36]. Through this method, PPO policy updates are kept within a trust region. The generalized advantage function  can be expressed:

		
[bookmark: OLE_LINK10]where represents the expected return after reconfiguration at the current PV array state. B(s) represents the expected return of any reconfiguration taken in PV array state.
[bookmark: OLE_LINK34]In the training process, agents employ their individual policy π(a|s) while collecting the trajectory τ from their interactions with the environment. Next, agents can use the collected trajectory τ to compute the discounted reward , and the advantage function . Subsequently, the actor network undergoes training by maximizing the objective according to the following expression:

		
where Φp is the parameters of the policy network, i=1 is indicative of the maximum power as the target, and i=2 signifies the minimum switch number as the target. The value network aims to enhance the accuracy of state value estimation, and the approach for updating the value network parameters involves minimizing the mean squared error of the value loss:

		
where θv are parameters of the value network, i=1 is indicative of the maximum power as the target, and i=2 signifies the minimum switch number. is the actual observed value, and  is the target value computed by the value network. With the optimizations mentioned earlier, the weights of the network for the policy loss and value loss can be updated as follows:

		
[bookmark: OLE_LINK7]where αΦ and αθ indicate the learning rate of the gradient descent algorithms for policy loss and value loss. Finally, the Adam algorithm is employed to optimize the parameters through gradient descent, resulting in the update of network parameters.
[bookmark: _Hlk188433330][bookmark: OLE_LINK6][bookmark: OLE_LINK30]To achieve a bi-objective optimization, we used Pareto optimization which optimizes bi-objectives with the scalarization technique [37]. The bi-objective optimization algorithm consists of two steps: initially updating the model parameters αΦ and αθ, and subsequently updating ωi. These two steps alternate and influence each other, aiming to achieve optimal results. In this algorithm, define Hi(ƞ) consists of policy loss and value loss for bi-objective: 

		
where ƞ represents the parameters of Hi(ƞ). Here we used the H(ƞ) to combine the Hi(ƞ) with ωi:

		
[bookmark: OLE_LINK23]By considering the Karush-Kuhn-Tucker (KKT) conditions for the model parameters, an optimal solution for ωi is obtained by minimizing the H(ƞ). At this moment, the parameter updates αΦ and αθ for both the policy network and value network have been completed. Denote  as , and the equation becomes:

		

[bookmark: OLE_LINK24]where  is predefined boundary constraints and  is a constant between 0 and 1, i.e. . Here we set G is the stacking matrix of the gradients , e is the vector whose elements are all 1, c is the concatenated vector of ci. So the equation (30) can be written as:
		

The Lagrange multipliers are applied, and the Lagrangian is obtained.
		

So the solution to the problem is given by:
		
At this point, we can get the optimized weights ωi. When we are in the moving cloud state, we need to acquire the PSC situation at all moments and reconfiguration it to obtain the reward R. Subsequently, summing all instances of R, our objective is to attain the minimum value of R for the entire mobile cloud. In conclusion, the complete proposed algorithm is presented in Algorithm 1.
	[bookmark: _Hlk134445087]Algorithm 1: BiPPO algorithm for PV array reconfiguration 

	1:
	Initialize policy network Φp and value network θv.

	2:
3:
	Set learning rates αΦ αθ, and weight ωi
For episode = 1 to M do

	4:
	For m = 1 to M do

	5:
	Get the PSC caused by moving cloud current minute

	6:
	For t = 1 to T do

	7:
	Collect set of trajectories Dk = {τ} by running policy π(a|s) in the environment.

	8:
	Compute rewards-to-go R1.

	9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
	Compute advantage estimates  based on the current value function.
    End for
    For k= 1 to K do
Set loss function Hi(ƞ) by(27)
Train actor network
Calculate LPPO(Φp) by (15)
Update the new actor parameters Φp by(21)
typically via stochastic gradient ascent with Adam
Train critic network
Calculate loss function Lvi(θv) by(20)
Update the critic parameters θv by(22)
typically via stochastic gradient ascent with Adam
Train weight ωi
Obtain the loss function for ωi by(30)

	23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
	apply the Lagrange multiplier to solve the equation(32)
Get the feasible solution by solving problem
If the value (𝑃V-𝐺𝑟𝑜𝑢𝑝𝑚𝑎𝑥 – 𝑃V-𝐺𝑟𝑜𝑢𝑝𝑚𝑖𝑛) cannot reduce
Break
      End if
    End for
Add the current minute R to the reward Re
End for
If the value (Re-Re-1) cannot reduce
Break
End if
End for


4. Results and discussion
To evaluate the effectiveness of the proposed technique, 10×10 TCT connected PV arrays are considered under two different types of moving clouds—thin moving clouds and thick moving clouds. Table I outlines the main parameters of the PV module for the PV array [11]. All the subsequent case studies are conducted using Python 3.9 on a personal computer equipped with an Intel(R) Core i7-13700 at 2.10 GHz with 8 GB of RAM
4.1 Study of Continuous Varying PSC Caused by Thin Moving Clouds
[bookmark: OLE_LINK35]In our simulation, the moving cloud model from Part 2.5 was employed to generate the PSC model for each minute. This model replicates the impact of thin moving clouds on a sunny day, as illustrated in Fig. 4. Under the moving cloud shading scenario, the velocity v in equation (3) is set to 0.3. Based on equation (3) and wind speed data, the moving path of the cloud shadow and its impact on the irradiance distribution of the PV array are simulated. According to equation (4), the irradiance under shading is calculated to be 600–900w/m2. The figure displays the irradiation intensity of each PV array using color blocks, showcasing the dynamic variation in irradiation inputs over time due to the gradual movement of cloud coverage. The I-V curves and P-V curves of each sub-system within the PV power plant testing reveal dynamic shifts in response to the continuously varying PSC, as shown in Fig. 5. 
[bookmark: _Hlk188633782]The convergence diagram of the reward function of this algorithm is shown in the Fig. 6. This algorithm can converge basically after 2000 rounds of training and meet the cutoff condition of BiPPO, which proves that it has the characteristics of high computational efficiency and strong stability. In Fig. 7, the optimal solution for PV array reconfiguration using BiPPO is presented. The color blocks are reallocated among all PV arrays based on the reconfiguration scheme, with detailed parameters outlined in Table II. The initial values of learning rate (αΦ, αθ), PPO clip rate ε and weight ω1 and ω2 are preliminarily determined based on the empirical values. The model performance under different combinations of hyperparameters is verified by experiments, and the optimal values of hyperparameters are gradually adjusted and determined. At the same time, according to the training progress and performance of the model, the hyperparameter values are adjusted timely. To ensure that the selected hyperparameters can ensure the generalization ability of the model and improve the training efficiency. After the reconfiguration by BiPPO, the output power of the PV array exhibits notable changes at the 3rd minute and 6th minute, as shown in Fig. 8.
[bookmark: _Hlk188632881]Table 1 The main parameter of PV module.
	Parameter
	Value

	[bookmark: OLE_LINK36]Number of parallel strings
	1

	Number of modules connected in each string
Number of cells in each module (Ncell)
	1
60

	Maximum power output of each module (W)
	228.75

	Open-circuit voltage of each module (V)
	36.5

	Short-circuit current of each module (A)
	8

	Voltage at the maximum power point for each module (V)
	30.5

	Current at the maximum power point for each module (A)
	7.5


Table 2 Detailed Parameters of Simulation Model
	Parameter
	Value

	Actor learning rate αΦ
	1e−4

	Critic learning rate αθ
	1e−4

	Optimizer
	Adam

	Clip rate ε
	0.2

	Weight of maximum output power ω1
	0.65

	Weight of minimize switching number ω2
	0.35

	Maximum iteration number
	500


This study compared various PV array reconfiguration algorithms, including heuristic and Constant weight PPO(ConPPO) algorithm. Specifically, the ConPPO  remains fixed at two different settings,  is 0.7 and  is 0.3, whereas the  value for the BiPPO is optimized through bi-objective optimization, resulting in values of  is 0.64 and is 0.36, respectively, as shown in Fig. 9. Across various reconfiguration instances, PPO, ConPPO, and BiPPO algorithms demonstrated the highest output power. Notably, the output power of the PPO algorithm slightly surpassed that of the ConPPO and BiPPO algorithm, this suggests that during the course of the proposed algorithm The ConPPO and BiPPO algorithm may sacrifice a portion of output power to minimize switching number, ensuring the attainment of optimal solutions for bi-objective.
[image: ]
Fig. 4. The 10 × 10 total-cross-tied PV arrays continuous varying PSC due to thin moving clouds.
[image: ]
Fig. 5. The I-V and P-V curves with the varying PSC caused by thin moving clouds. (a) The I-V curves spanning from the 1st to the 9th minute., and (b) The P-V curves spanning from the 1st to the 9th minute.
[image: ]
Fig. 6. The reward curve of BiPPO.
[image: ]
Fig. 7. The optimal solution for PV array reconfiguration under the thin moving clouds.
[image: ]
Fig. 8. The V-I and P-V curves obtained with BiPPO and those without optimization at the 3rd minute and 6th minute. (a) V-I curves, and (b) V-P curves.
Fig. 10 shows the comparison between different algorithms concerning the maximing power output and minimizing switching numbers after PV array reconfiguration at various times. Firstly, in most cases, the maximum power output of PV array reconfiguration under the PPO, ConPPO, and BiPPO algorithms was demonstrated higher than other algorithms. Secondly, in terms of switching number, the bi-objective algorithm notably reduces the switching number at PV array reconfiguration. When solving dynamic programming problems, BiPPO considers the dynamic process under the moving cloud where the switching actions in the previous moment affect subsequent moments. This allows certain switches to remain inactive for one or several moments, minimizing the switching number.
[image: ]
Fig. 9. Maximum power outputs obtained by seven algorithms under different times in thin moving clouds. (a) 3rd minute, (b) 4th minute, (c) 6th minute, and (d) 7th minute.
[bookmark: _Hlk188445941]Two main conclusions can be drawn from the overall observations. Firstly, in most cases, the maximum power output of PV array reconfiguration under the PPO, ConPPO, and BiPPO algorithms was demonstrated higher than other algorithms. Secondly, in terms of switching number, the bi-objective algorithm notably reduces the switching number at PV array reconfiguration. For instance, at the 6th minute, in comparison to the BiPPO algorithm, the PSO algorithm exhibits a switching number 1.76 times higher, while the A2C algorithm shows a switching number 1.32 times higher. Relative to the BiPPO algorithm, the PV array reconfiguration frequency for other algorithms significantly increases at different times. 
By comparing ConPPO and BiPPO algorithms, it can be found that with the increase of  value, the maximum power output will be significantly increased, but the switching number will also increase, and vice versa. BiPPO algorithm will select the optimal  value in the execution process, and minimize switching number while maintaining a certain power output. This approach effectively circumvents potential limitations and inconsistencies associated with manually setting the  value.
[bookmark: _Hlk188445967][image: ]
Fig. 10. Maximum power outputs and switching number obtained by different algorithms under different times in thin moving clouds.
[image: ]
Fig. 11. The 10×10 PV arrays encounter variation in PSC caused by thick moving clouds.
[image: ]
Fig. 12. The I-V and P-V curves with the varying PSC caused by thick moving clouds. (a) The I-V curves spanning from the 1st to the 9th minute., and (b) The P-V curves spanning from the 1st to the 9th minute.
4.2 Study of Continuous Varying PSC Caused by Thick Moving Clouds
[bookmark: OLE_LINK40][bookmark: OLE_LINK28][bookmark: OLE_LINK32][bookmark: OLE_LINK41][bookmark: OLE_LINK4]Here, we used the moving cloud model designed in Part 2.5 to generate a shadow model every minute. This model simulates the PSC caused by thick moving clouds on sunny day, as shown in Fig. 11. Under the moving cloud shading scenario, the velocity v in equation (3) is set to 0.5. Based on equation (3) and wind speed data, the moving path of the cloud shadow and its impact on the irradiance distribution of the PV array are simulated. According to equation (4), the irradiance under shading is calculated to be 100–500w/m2. In this condition, the P-V curve also exhibits multiple peaks, as shown in Fig. 12. BiPPO not only disperses concentrated shades across various rows, as seen in the shade comparison Fig. 13, but it also improves the generation capacity. It can be found that BiPPO utilizes dynamic programming to derive the optimal PV array reconfiguration scheme over the entire PSC cycle, thereby maximizing power output. 
[image: ]
Fig. 12. Optimal solution of PV array reconfiguration caused by thick moving clouds.
[image: ]
Fig. 13. The V-I and P-V curves by BiPPO and without optimization at the 4th minute and 6th minute. (a) V-I curves, and (b) V-P curves.
Similarly, heuristic and ConPPO algorithm are compared by thick moving cloud. ConPPO algorithm  is set to 0.6,  is set to 0.4, and BiPPO algorithm  value is obtained by bi-objective optimization,  value is 0.69 and  value is 0.31, respectively. Additionally, as shown in Fig. 14, under instances of PSC caused by thick moving clouds, both the PPO, ConPPO, and BiPPO algorithm exhibit superior PV array reconfiguration effectiveness compared to other algorithms. Likewise, the PV array reconfiguration efficacy of the PPO algorithm is superior to that of ConPPO and BiPPO algorithm at every minute. This is attributed to the necessity of balancing bi-objectives during the PV array reconfiguration process to identify the most optimal solution. Specifically, at the 4th and 6th minutes, BiPPO achieves 11.28% and 22.62% higher maximum power capacities compared to the original distribution.
[image: ]
Fig. 14. Maximum power outputs achieve by seven algorithms at different times in thick moving clouds. (a) 3rd minute, (b) 4th minute, (c) 6th minute, and (d) 7th minute.
[bookmark: _Hlk188446009]Fig. 15 presents the comparison of maximum power output and switching number for different algorithms at various minutes after PV array reconfiguration. It is noteworthy that, the switching number of ConPPO and BiPPO was reduced by half compared to the A2C algorithm during the PSC at the 6th minute, indicating that even in the thick moving clouds, the ConPPO and BiPPO algorithm remains effective in reducing the switching number while maximum power output. For instance, at the 6th minute, the BiPPO algorithm demonstrates a 10.15% higher maximum output power than A2C and a 21.25% higher maximum power output than GA. Through the comparison between ConPPO and BiPPO, it is evident that BiPPO exhibits a higher output power compared to ConPPO when the switching numbers are equal. This difference indirectly reflects the potential bias in the bi-objective results due to manually setting the  value. However, the BiPPO algorithm can identify the optimal combination of  value, ensuring the discovery of the best  value without compromising the benefits of both objectives.
[image: ]
Fig. 15. Maximum power outputs and switching number obtained by different algorithms under different time in thick moving clouds.
[image: ]
Fig. 16. The 15×15 PV array encounter variation in PSC caused by thick moving clouds.
[image: ]
Fig. 17. Optimal solution of 15×15 PV array reconfiguration caused by thick moving clouds.
4.3 Study of the generalizability analysis of BiPPO
In order to prove the universality and extensibility of BiPPO algorithm, we carried out simulation experiments in a 15×15 PV array. This model simulates the PSC caused by thick moving clouds on sunny day, as shown in Fig. 16. Under the moving cloud shading scenario, the velocity v in equation (3) is set to 0.8. Based on equation (3) and wind speed data, the moving path of the cloud shadow and its impact on the irradiance distribution of the PV array are simulated. According to equation (4), the irradiance under shading is calculated to be 100–500w/m2. BiPPO can disperse the concentrated shadows to each row, which can solve the occlusion problem of dynamic shadows in a limited way, as shown in Fig. 17. It can be seen that the BiPPO algorithm has strong universality and extensibility. It can be reconfiguration in different PV arrays to solve the dynamic shadow occlusion problem in different situations.
5. Conclusion
[bookmark: _Hlk188447552]In conclusion, the BiPPO algorithms proposed for bi-objective PV array reconfiguration under moving clouds make the following contributions:
1) This paper establishes a moving cloud model to simulate and analyze the impact of moving clouds on the irradiance and power output of a PV array and models it as a dynamic programming problem for analysis.
2) Building upon the PPO algorithm, a BiPPO PV array reconfiguration algorithm based on Pareto optimization is constructed. This algorithm simultaneously considers PV array reconfiguration and dynamic optimization of weights, assigning reasonable weights  to the bi-objective function based on the dynamic environment to achieve maximum power output and minimal switching number. This approach effectively mitigates the potential limitations and inconsistencies associated with manually setting the  values.
3) Simulation results under two different moving clouds demonstrate that BiPPO algorithm can obtain a more reasonable weight . We found that the maximum power capacity achieved by the BiPPO algorithm is 22.62% higher than other algorithm. Meanwhile, compared to the other algorithms, BiPPO significantly decrease the frequency of PV array reconfiguration by 1.32 to 1.76 times at different time intervals.
Currently, our work primarily relies on simulation validation. We plan to gradually introduce real-world validation in future work to further verify the performance. By building a PV array reconstruction test platform, a series of experiments were conducted to verify BiPPO under various climatic conditions.
Acknowledgement
This work is supported by science and technology projects of State Grid Corporation of China (Project No.: 5400-202399376A-2-2-ZB).
[bookmark: _Hlk173095129]References
[bookmark: _Hlk189746948][1]	R. K. Pachauri and J. G. Singh, "A novel shadow dispersion approach for solar PV modules in array using chess board game methodology: An experimental study," Solar Energy, vol. 265, 2023.
[2]	Yeming Dai, Weijie Yu, Mingming Leng, "A hybrid ensemble optimized BiGRU method for short-term photovoltaic generation forecasting, " Energy, vol. 299, 2024.
[3]	Y. Wang, T. Zhao, C. Ju, Y. Xu, and P. Wang, "Two-Level Distributed Volt/Var Control Using Aggregated PV Inverters in Distribution Networks," IEEE Transactions on Power Delivery, vol. 35, no. 4, pp. 1844-1855, 2020.
[4]	B. Yang et al., "Design and HIL validation of improved prairie dog optimization based dynamic unitary reconfiguration for partially shaded PV arrays," Solar Energy, vol. 269, 2024.
[5]	B. Yang et al., "PV arrays reconfiguration for partial shading mitigation: Recent advances, challenges and perspectives," Energy Conversion and Management, vol. 247, 2021.
[6]	M. Kapur, A. S. Mahal, P. Kumar, D. Pathak, Manisha, and P. Gaur, "Metaheuristic Algorithm Implementation for PV Array Reconfiguration under Realistic Moving Cloud Condition," presented at the 2023 International Conference on Device Intelligence, Computing and Communication Technologies, (DICCT), 2023.
[7]	B. Yang et al., "Design and HIL validation of improved prairie dog optimization based dynamic unitary reconfiguration for partially shaded PV arrays," Solar Energy, vol. 269, 2024.
[bookmark: OLE_LINK45][8]	S. Rezazadeh, A. Moradzadeh, K. Pourhossein, M. Akrami, B. Mohammadi-Ivatloo, and A. Anvari-Moghaddam, "Photovoltaic array reconfiguration under partial shading conditions for maximum power extraction: A state-of-the-art review and new solution method," Energy Conversion and Management, vol. 258, 2022.
[bookmark: OLE_LINK44][9]	G. Sai Krishna and T. Moger, "Reconfiguration strategies for reducing partial shading effects in photovoltaic arrays: State of the art," Solar Energy, vol. 182, pp. 429-452, 2019.
[10]	B. I. Rani, G. S. Ilango, and C. Nagamani, "Enhanced Power Generation From PV Array Under Partial Shading Conditions by Shade Dispersion Using Su Do Ku Configuration," IEEE Transactions on Sustainable Energy, vol. 4, no. 3, pp. 594-601, 2013.
[11]	P. R. Satpathy and R. Sharma, "Power and mismatch losses mitigation by a fixed electrical reconfiguration technique for partially shaded photovoltaic arrays," Energy Conversion and Management, vol. 192, pp. 52-70, 2019.
[12]	M. S. S. Nihanth, J. P. Ram, D. S. Pillai, A. M. Y. M. Ghias, A. Garg, and N. Rajasekar, "Enhanced power production in PV arrays using a new skyscraper puzzle based one-time reconfiguration procedure under partial shade conditions (PSCs)," Solar Energy, vol. 194, pp. 209-224, 2019.
[13]	V. Kumar Yadav, R. Yadav, R. Singh, I. Mishra, I. Ganvir, and Manish, "Reconfiguration of PV array through recursive addition approach for optimal power extraction under PSC," Energy Conversion and Management, vol. 292, 2023.
[14]	T. S. Babu, J. P. Ram, T. Dragicevic, M. Miyatake, F. Blaabjerg, and N. Rajasekar, "Particle Swarm Optimization Based Solar PV Array Reconfiguration of the Maximum Power Extraction Under Partial Shading Conditions," IEEE Transactions on Sustainable Energy, vol. 9, no. 1, pp. 74-85, 2018.
[15]	B. Aljafari, P. R. Satpathy, and S. B. Thanikanti, "Partial shading mitigation in PV arrays through dragonfly algorithm based dynamic reconfiguration," Energy, vol. 257, 2022.
[16]	A. Fathy, D. Yousri, T. S. Babu, H. Rezk, and H. S. Ramadan, "An enhanced reconfiguration approach for mitigating the shading effect on photovoltaic array using honey badger algorithm," Sustainable Energy Technologies and Assessments, vol. 57, 2023.
[17]	K. Lappalainen and S. Valkealahti, "Recognition and modelling of irradiance transitions caused by moving clouds," Solar Energy, vol. 112, pp. 55-67, 2015.
[18]	M. Kapur, A. S. Mahal, P. Kumar, D. Pathak, Manisha, and P. Gaur, "Metaheuristic Algorithm Implementation for PV Array Reconfiguration under Realistic Moving Cloud Condition," presented at the 2023 International Conference on Device Intelligence, Computing and Communication Technologies, (DICCT), 2023.
[19]	S. Rezazadeh, A. Moradzadeh, K. Pourhossein, M. Akrami, B. Mohammadi-Ivatloo, and A. Anvari-Moghaddam, "Photovoltaic array reconfiguration under partial shading conditions for maximum power extraction: A state-of-the-art review and new solution method," Energy Conversion and Management, vol. 258, 2022.
[20]	Yeming Dai, Weijie Yu, "Short-term power load forecasting based on Seq2Seq model integrating Bayesian optimization, temporal convolutional network and attention," Applied Soft Computing, vol. 166, 2024.
[21]	X. Zhang et al., "Optimal mileage-based PV array reconfiguration using swarm reinforcement learning," Energy Conversion and Management, vol. 232, 2021.
[22]	J. Wang et al., "Reinforcement learning based bilevel real-time pricing strategy for a smart grid with distributed energy resources," Applied Soft Computing, vol. 155, 2024.
[23]	L Zhang et al., "Bi-level stochastic real-time pricing model in multi-energy generation system: A reinforcement learning approach," Energy, vol. 239, 2022.
[24]	S. Lee and D.-H. Choi, "Dynamic pricing and energy management for profit maximization in multiple smart electric vehicle charging stations: A privacy-preserving deep reinforcement learning approach," Applied Energy, vol. 304, 2021.
[25]	Y. Zhang, "Neural Network Algorithm With Reinforcement Learning for Parameters Extraction of Photovoltaic Models," IEEE Trans Neural Netw Learn Syst, vol. 34, no. 6, pp. 2806-2816, Jun 2023.
[26]	D. Lin, X. Li, S. Ding, H. Wen, Y. Du, and W. Xiao, "Self-Tuning MPPT Scheme Based on Reinforcement Learning and Beta Parameter in Photovoltaic Power Systems," IEEE Transactions on Power Electronics, vol. 36, no. 12, pp. 13826-13838, 2021.
[27]	W. Jiang, Y. Liu, G. Fang, and Z. Ding, "Research on short-term optimal scheduling of hydro-wind-solar multi-energy power system based on deep reinforcement learning," Journal of Cleaner Production, vol. 385, 2023.
[28]	X. Gao et al., "Divide and Conquer Q-Learning (DCQL) algorithm based Photovoltaic (PV) array reconfiguration scheme for alleviating the partial shading influence," Solar Energy, vol. 249, pp. 21-39, 2023.
[29]	D. Yousri, T. S. Babu, S. Mirjalili, N. Rajasekar, and M. A. Elaziz, "A novel objective function with artificial ecosystem-based optimization for relieving the mismatching power loss of large-scale photovoltaic array," Energy Conversion and Management, vol. 225, 2020.
[30]	X. Zhang, D. Meng, W. Li, T. Yu, Z. Fan, and Z. Hao, "Evolutionary based Pareto optimization algorithms for bi-objective PV array reconfiguration under partial shading conditions," Energy Conversion and Management, vol. 271, 2022.
[bookmark: _Hlk189748704][31]	R. Singh, V. K. Yadav, and M. Singh, "Optimal Shade Dispersion Strategy for Enhanced PV Power Extraction Under PSCs," IEEE Transactions on Power Electronics, vol. 38, no. 11, pp. 14665-14674, 2023.
[32]	R. H. Volker Quaschning, "Numerical simulation of current-voltage characteristics of photovoltaic systems with shaded solar cells," Solar Energy, vol. 56, no. 6, pp. 513-520, 1996.
[33]	R. D. A. Raj and K. A. Naik, "Optimal reconfiguration of PV array based on digital image encryption algorithm: A comprehensive simulation and experimental investigation," Energy Conversion and Management, vol. 261, 2022.
[34]	K. Luo and Q. Zhao, "A binary grey wolf optimizer for the multidimensional knapsack problem," Applied Soft Computing, vol. 83, 2019.
[35]	Y. Wang, D. Qiu, Y. Wang, M. Sun, and G. Strbac, "Graph Learning-Based Voltage Regulation in Distribution Networks with Multi-Microgrids," IEEE Transactions on Power Systems, pp. 1-15, 2023.
[36]	A. U. Rehman, Z. Ullah, H. S. Qazi, H. M. Hasanien, and H. M. Khalid, "Reinforcement learning-driven proximal policy optimization-based voltage control for PV and WT integrated power system," Renewable Energy, vol. 227, 2024.
[bookmark: _Hlk189748947][37]	X. Lin et al., "A pareto-efficient algorithm for multiple objective optimization in e-commerce recommendation," presented at the Proceedings of the 13th ACM Conference on Recommender Systems, 2019.

image2.png
(b)

(a)




image3.wmf
1

n

Ri

k

k

GG

=

=

å


oleObject2.bin

image4.png
o+

> —>—
(a)

B 1000 w/m?

600 w/m?

400 w/m?

[
()

b

—— 1 1rradiance
5 ——2 1rradiance
— 3 1rradiance

Current(A)
S

0

1000 — 1 irradiance
— 2 1rradiance
800 — 3 1rradiance

= 600
400
200

N\

\\%

Powe

% 10 20 30 40 50 60
Voltage(V)

(b)




image5.wmf
(

)

(

)

22

,

zz

ij

Ditvjtv

=-´+-´


oleObject3.bin

image6.wmf
(,),

,

sin()

0.5

1

SCijij

ij

SCo

I

D

ID

=+

+


oleObject4.bin

image7.wmf
11

nm

jij

ji

Maxvx

==

åå


oleObject5.bin

image8.wmf
1

1

, 1m

.. 1, 1

{0,1}, 1m, 1n

n

jiji

j

m

ij

i

ij

wxhi

stxjn

xij

=

=

ì

ï

ï

ï

ï

í

ï

ï

ï

ï

î

£££

£££

Î££££

å

å


oleObject6.bin

image9.wmf
max

1

1

min

1

1

MN

av

ak

s

k

MN

avak

s

k

SMaxS

SMinS

=

=

=

=

éù

êú

êú

ëû

éù

êú

êú

ëû

=

=

åå

åå


oleObject7.bin

image10.wmf
1

1

1

1

.. 

M

sk

i

NM

sk

s

k

X

st

XN

=

=

=

ì

ï

ï

í

ï

ï

î

=

=

å

åå


oleObject8.bin

image11.wmf
maxmin

PVavav

DSS

=-


oleObject9.bin

image12.png
— TN
— -

Experience
pool

B1PPO algorithm

Maximum power output\ (minimize switching number)

" Critic ) " Actor ) " Critic ) " Actor )
v : "| Network Network [ "| Network
. AL (s, al) A Al (s,a)) A
Environment " . X 7T( ) i
o ) \_ VAV
T
.E‘
Moving
PV array
cloud welght wi ~Update
4 N N N i

Bi-objectivel—| loss |- KKT
H,(n) function function| |condition|| H (%)
function \ VN BN ~function

Update

/Reward function\

2 2
R=) o5 , ) 0=I
i=l1 i=l1

N\ J





image13.wmf
{, }

max

min

sGG

=


oleObject10.bin

image14.wmf
{}

sk

aX

=


oleObject11.bin

image15.wmf
'

1'

'

1   ||||

1

1   ||||  ,  

0     ||||

s

s

s

s2

step

s

s

FF

rFFr

N

FF

ì

ï

ï

í

ï

ï

î

+<

=->=

=


oleObject12.bin

image16.wmf
22

11

  ,  1

iii

ii

Rr

ww

==

==

åå


oleObject13.bin

image17.wmf
21

1

01

      0.5<

ww

w

<<<


oleObject14.bin

image18.wmf
min(()(,),(((

(),1,1

)),))

ii

pp

PPO

p

L

iAsaclpAsa

pp

rr

ee

éù

FFF

=

û

-

ë

+

E


oleObject15.bin

image19.wmf
1

()

()(

1      1

(,1,1)     

)

 

)

 

1

(  

p

pp

p

clip

otherwise

ee

e

r

e

rr

e

r

e

ìü

ïï

ïï

íý

ïï

ïï

îþ

F<

>

--

-+

FF

F

=+-


oleObject16.bin

image20.wmf
(|)

(|)

()

old

p

p

p

as

as

p

r

p

F

F

F=


oleObject17.bin

image21.wmf
()())

,,

(

iii

AsaQsaBs

pp

=-


oleObject18.bin

image22.wmf
(

)

(

)

()log(|)  A, 

p

p

p

i

i

Lassa

p

p

F

=-Ñ

F

g


oleObject19.bin

image23.wmf
2

1

()()()

2

v

vi

vtt

i

LVsVs

q

q

=-


oleObject20.bin

image24.wmf
2

1

2

1

 

()

()

p

pp

i

i

v

i

i

p

p

vvv

v

L

L

q

q

a

qqaq

F

=

F

=

F

¬+Ñ

¬+Ñ

FF

å

å


oleObject21.bin

image25.wmf
{

}

()()()  ,  1,2

p

i

p

v

v

ii

HLLi

hq

F

=+Î


oleObject22.bin

image26.wmf
(

)

2

2

1

2

12

1

1

()()

2

110

ii

i

i

i

HH

hwh

www

=

=

=

=Ç>>>

å

å


oleObject23.bin

image27.wmf
2

2

1

2

22

11

ˆ

 ()()

ˆ

ˆ

.. 1, 0, {1,2}

iii

i

iii

ii

min.cH

stci

h

wh

ww

=

==

+Ñ

=-£Î

å

åå


oleObject24.bin

image28.wmf
TT

11

ˆ

ˆ

ˆ

22

ˆ

.. e=1-ec

TTTTTT

GGcGGcGGc

st

www

w

++


oleObject25.bin

image29.wmf
TT

ˆ

ˆ

ˆ

ˆ

(e1+)

1

ˆ

(,)

2

ec

TTTT

GGcGG

wwwlw

wl

++-

=

L


oleObject26.bin

image30.wmf
ˆ

ˆ

ˆ

(,)0,  (,)0

and

l

w

wlwl

ÑÑ

==

LL


oleObject27.bin

image31.jpeg
Bl
|
|
|
|
I
|
|
I
|

I st minute

101 11|12

13|14

15

16

17

18

19

2021|122

23|24

25

26

27

28

29

30(31(32

33|34

35

36

37

38

39

40(41|42

43|44

45

46

47

48

49

50)|561)|52

53|54

55

56

57

58

59

6061|162

63|64

65

66

67

68

69

70|71|72

73|74

75

76

77

78

79

80|81|82

83|64

85

86

87

88

89

9019192

93|94

95

96

97

98

99

AO0|A1|A2

A3|A4

A5

A6

A7

A8

A9

|
|

6th minute

101 11|12

13|14

15

16

17

18

20121)|22

23|24

25

26

27

28

30(31(32

33134

35

36

37

40(41|(42

43|44

45

46

511562

53|54

60|61|62

70|71

63

55

47

38

N N I I I B B S S .- -_—
O,
S

2nd minute

e B S e

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

83

84

85

86

87

88

89

93

94

95

96

97

98

99

A3

A4

Ab

A6

A7

A8

A9

7th minute

11

12

13

14

15

16

17

18

21

22

23

24

25

26

27

28

31

32

33

34

35

36

37

41

42

43

44

45

46

51

52

53

54

55

61

62

63

64

71

72

73

81

82

83

91

92

93

94

95

96

47

38

97

98

99

At

A2

A3

A4

A5

A6

A7

A8

A9

o i e ot i i o e e

3rd minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

71

74

75

76

77

78

79

84

85

86

87

88

89

94

95

96

97

98

99

A4

Ab

A6

A7

A8

A9

8th minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

40

41

42

43

44

45

46

47

50

51

52

53

54

55

56

60

61

62

63

64

65

70

72

73

74

75

80

82

83

84

85

86

87

88

39

79
89

90

92

93

94

95

96

97

98

99

A0

A2

A3

A4

A5

A6

A7

A8

A9

N

4th minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

60

61

62

71

63

55

56

57

58

59

66

67

68

69

76

77

78

79

87

88

89

97

98

99

A7

A8

A9

Oth mmute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

40

41

42

43

44

45

46

47

50

51

52

53

54

55

56

57

60

61

62

63

64

65

66

67

70

71

72

73

74

75

76

77

48

78

39

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

A0

Al

A2

A3

A4

Ab

A6

A7

A8

A9

I 5th minute

101 11(12]|13| 14| 15| 16( 17| 18| 19

20121)122|23(24|25|126|27|28|29

30131132|33(34(35|36|37|38(39

40|41|42|43|44|45|46| 47|48 49

50151]|562|563 55

54

58|59

60|61|62(63

68|69

71

78|79

88|89

9899

A8|A9

1000 w/m?

B 900 w/m?

0 800 w/m?
600 w/m?

|
|
|
|
|
|
|
|
|
|
- T - SR e ——
|
|
|
|
|
|
|
|
|
|
|

]




image32.jpg
— I st minute
1 75 OO — 2nd minute

—— 3th minute
60 1 SOOO —— 4th minute
— 5th minute
— - —— 6th minute
f::/ >0 —— Ist minute B 12500 — /i m@nute
5 40— ndminue E 10000~ g4 minuc
g 3() — 4tﬁ minute a? 75 00
O —— 5th minute
20 —— 6th minute 5 OOO
——— 7th minute
1() —— 8th minute 2500
O —— 9th minute O
0 50 100 150 200 250 300 0 S50 100 150 200 250 300
Voltage(v) Voltage(v)

(a) (b)




image33.png
18000~

17000~

16000~

15000~

Reward(W)

14000~

13000+ —— The reward curve of BiPPO

>

12000 ] | i I I
0 1000 2000 3000 4000 5000

Episode




image34.jpeg
l

Ist minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

A0

A1

A2

A3

A4

A5

A6

A7

A8

A9

|
|

6th minute

35

[
27| 28]
El

r
I

2nd minute

I e N H L

3rd minute

101 11|12

13

14

15

16

17

18

22

23

24

25

26

27

28

3132

33

34

35

36

37

38

42

43

44

45

46

47

48

51|52

53

54

55

56

57

58

62

63

64

65

66

67

68

72

73

74

75

76

77

78

82

83

84

85

86

87

88

92

93

94

95

96

97

98

A2

A3

A4

A5

A6

A7

A8

7th minute

|
s S U P e g

18

28

29

38

39

48

49

58

59

68

69

78

79

88

89

98

99

A8

A9

10

11

12

20

21

22

30

31

32

40

41

42

50

51

52

60

61

62

70

71

72

80

81

82

90

91

92

A0

At

A2

—————————————————4———

4th minute

10

11

20

21

30

50
60
70

31
41

61

51

71

12113

16

17

18

19

2425|126

43
43|44

45

27

28

29

36

37

38

39

46

47

48

49

52|23| 54

55

56

57

58

59

63|34
22|53
62 14
42 (A3

15

66

67

68

69

35

76

77

78

79

86

87

88

89

96

97

98

99

32 A4|A5| A6

A7

A8

A9

Oth minute

5th minute

23|24 25

ERGE
4

BEE
B

L

1000 w/m?

Bl 900 w/m?
I 800 w/m?

600 w/m?




image35.png
Current(A)

—NO0 optimization at 4min
——B1PPO at 4min
——No optimization at 6min
—Bi1PPO at 6min

100
Voltage(v)

(a)

200

300

Power(W)

12000

o0
-
-
-

=~
-
-
-

== B1PPO at 4min

= B1PPO at 6min

100

No optimization at 4min

No optimization at 6min

200
Voltage(v)

(b)

300




image36.png
18000
17000
16000
15000

14000
13000

|on B1PPO

TCT GA PSO A2C PPO
PPO

183000

17000
16000
15000
14000 .
13000

TCT GA PSO A2C PPO

|0n B1PPO

PPO

(a) Maximum power output at the 3min

183000

ek
~J
-
-
-

—
) e
o O
o O
oS O

13000

Maximum power output(W)

TCT GA PSO A2C PPO Con B1PPO

(b) Maximum power output at the 4min

(¢) Maximum power output at the 6min

183000

TCT GA PSO A2C PPO

Maximum power output(W)

17000
16000
15000
14000 I
13000

Con BIPPO

(d) Maximum power output at the 7min





image37.png
Maximum power output(W)

3rd minute ™ 4th minute
. 6thminute [ 7th minute

Switching number

-®- 3rd minute
-®- 6th minute

-®- 4th minute
-®- 7th minute

Maximum power output(W)

100000

80000

60000 -

40000 -

20000 -

/

TCT

GA PSO A2C PPO

ConPPO BiPPO

w A W
- - -
Switching number

[\
-

- 60

—_
S

-





image38.jpeg
l

I st minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

A0

A1

A2

A3

A4

A5

A6

A7

A8

A9

|
|

6th minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

30

31

32

33

40

41

42

50

51

60

61

70

71

80

81

90

91

52

92

43

93

34

94

25

95

26

76

27

77

28

78

29
39
49
59
69
79

86

87

88

89

96

97

98

99

A0

At

A2

A3

A4

A5

A6

A7

A8

A9

2nd minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

92

93

94

95

96

97

98

99

A2

A3

A4

A5

A6

A7

A8

A9

7th minute

3rd minute

10

11

12

13

14

15

16

17

18

20

21

22

23

24

25

26

27

28

30

31

32

33

34

35

36

37

38

40

41

42

43

44

45

46

47

48

50

51

52

53

54

55

56

57

58

60

61

62

63

64

65

66

67

68

74

75

76

77

78

84

85

86

87

88

94

95

96

97

98

A4

A5

A6

A7

A8

A9

Sth minute

10

11

12

13

14

15

16

17

20

21

22

23

24

25

26

30

31

32

33

34

35

40

41

42

43

44

45

50

51

52

53

54

55

60

61

62

63

64

65

70

71

72

73

74

75

36

76

27

77

18

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

A0

At

A2

A3

A4

A5

A6

A7

A8

A9

S

4th minute

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

55

56

57

58

59

65

66

67

68

69

75

76

77

78

79

85

86

87

88

89

95

96

97

98

99

A5

A6

A7

A8

A9

Oth minute

10

11

12

13

14

15

16

17

18

20

21

22

23

24

25

26

27

30

31

32

33

34

35

36

37

40

41

42

43

44

45

46

47

50

51

52

53

54

55

56

57

60

61

62

63

64

65

66

67

28

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

A0

At

A2

A3

A4

A5

A6

A7

A8

A9

|
|
|
|
|
|
-
|
|

5th minute

i
1] 111213 14] 18] 16] 17] 18] 79] |
20| 21|22 23| 24| 25| 26| 27| 28] 29| |
30|31(32|33|34|35(36|37|38|39| |
40|41 42 47|48 49 I
50|51 57(58(59| |
60 67|68[69| |
7|78|79)

84|85|86|87|88|89
94|95(96|97| 98|99 I
0| A1 2| a3 ad|as| a6 a7[aclae] |
i
S EmEmEmETmTA

B 500 w/m?
B 300 w/m?
B 100 w/m?

1000 w/m?




image39.jpg
— 1st minute

” —— 2nd minute
70 ‘ - 17500 S 3t;1 m?nutte
60 \‘\\ 15000 S minut
= 50 = 212500 S minte
N— \\ — — &th minute
g 4() — 1stminute \ g 10000 — Stl minu:e
t: —_— ?nd minute | Q?
— 3th minute \
8 3 O — 4th minute | 7500
— 5th minute
20 — 621 m@nu:e SOOO
10— gin minute 2500
O " 9th minute O
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Voltage(v) Voltage(v)

(a) (b)




image40.png
- - T T T T T " T T = = == == = - -T-"=-"=-=-"=-=-""=-"-"-""T-"-""=-""-"="-"""="-—="-"-—*%++=—-=—=—=—=—=———==

4th minute

3rd minute Sth minute

ERE

Istminute ' 2nd minute

10 15| r2] 15[ re] 15[ 6] 7] 16| 1 s0]ss[ 2] s3] ] 15] 6] 7] 18] 19
{121 { 4] {073 1 [oolls2[e]sfs]or]se] s
&
B

79

BER
B

7] 3820
44| 540 47|40 49
BECEER
54| 5] 50 7 60| 69
73] 75{ 76|77 78] 70
DECGER

41| 2| 43] 44| 43| 5 47 45 5 041 2[ 3] 44] 5] 40 47 e8] 5]
5] 56 o7 50 59
5 65 o7 08 9|
7576 7| 78| 9]
5510607 53 9]
951 9697 08 9|
| 45 47| ag as)

1

1

1
51| 52| 52| 54| 55 5 57 58 59 |
12 1 5 2 2 C
1

1

1

1

70[71 72|72 74| 75| 76| 7 78] 9]
051 2| a3 54| a5 56 7] 55 5]
9091 92{ 93] 94| 5] 96 7] s8 3]
o a1|az| aslas[as| | a7 aa] a9

[na{as|as7]as| 15

iy R

th minute

11000 w/m?

]
24
30| 1] 32| 35| 34
o[ 1] 42[ 3] ]

Bl 500 w/m?

0] 61| 2] s3] 64

B 300 w/m?

1
|
1
1
|
|
1
1
1
1
1
Tmmmmm————n
|
1
1
1
1
1
1
1
1

! I 100 w/m?




image41.png
Current(A)

20

— No optimization at 4min
B1PPO at 4min
— No optimization at 6min
B1PPO at 6min

100
Voltage(v)

(a)

200

300

——No optimization at 4min
—B1PPO at 4min

—No optimization at 6min
——Bi1PPO at 6min

100 200
Voltage(v)

(b)

300




image42.png
183000
17000
16000
15000

14000
13000

TCT GA PSO A2C PPO Con B1PPO

(a) Maximum power output at the 3min

16000
15000
14000
13000

12000
11000

TCT GA PSO A2C PPO

|0n B1PPO
PPO

p— e
W B W
o O O
o O O
o O O

12000
11000

Maximum power output(W)
=
-
-
-

TCT GA PSO A2C PPO Con BiPPO

(b) Maximum power output at the 4min

Maximum power output(W)

— e
W 5 W
o O O
o O O
o O O

12000

p—
O
o O
o O
o O

TCT GA PSO A2C PPO Con BiPPO

(¢) Maximum power output at the omin (d) Maximum power output at the 7min





image43.png
Maximum power output(W)

3rd minute ™ 4th minute
- 6thminute [ 7th minute

Switching number

-®- 3rd minute  -® 4th minute
-®- 6th minute -® 7th minute

0
-
S
S
-

N
-
-
S
-

=~
-
-
S
-

Maximum power output(W)
=
S

TCT GA PSO

N
-

B~
-

B 8
Switching number

—_
S

A2C PPO  ConPPO BiPPO





image44.png

image45.png

image1.wmf
cell

Lcelldsh

IIII

=

--


oleObject1.bin

