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Abstract

:

The ongoing study aims to establish a direct probabilistic load flow (PLF) for the analysis of wind integrated radial distribution systems. Because of the stochastic output power of wind farms, it is very important to find a method which can reduce the calculation burden significantly, without having compromising the accuracy of results. In the proposed approach, a K-means based data clustering algorithm is employed, in which all data points are bunched into desired clusters. In this regard, probable agents are selected to run the PLF algorithm. The clustered data are used to employ the Monte Carlo simulation (MCS) method. In this paper, the analysis is performed in terms of simulation run-time. Also, this research follows a two-fold aim. In the first stage, the superiority of data clustering-based MCS over the unsorted data MCS is demonstrated properly. Moreover, the impact of data clustering-based MCS and unsorted data-based MCS is investigated using an indirect probabilistic forward/backward sweep (PFBS) method. Thus, in the second stage, the simulation run-time comparison is carried out rigorously between the proposed direct PLF and the indirect PFBS method to examine the computational burden effects. Simulation results are exhibited on the IEEE 33-bus and 69-bus radial distribution systems.
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1. Introduction


Integration of distributed generators (DGs) such as wind farms, photovoltaic generation, diesel generators, and fuel cells gives some salient advantages to the distribution network, such as active power loss reduction, improvement in voltage profile, and enhancement of the reliability of the network [1]. On the other hand, adhesion of renewable energies as alternative generation sources in the power system cause it to encounter a lot of probabilistic phenomena [2]. In this light, probabilistic-generated power from renewables has brought great challenges to power system operation and planning. Among all the DGs, wind generation is growing worldwide, because of economic and environmental privileges. Wind farms (WFs) with stochastic output power are one of the most important reasons for using probabilistic methods in different power systems [3,4].



A study of literature exhibits that there are two general mechanisms for the fulfillment of power flow in power systems, which are known as deterministic and probabilistic. Deterministic power flow calculates the nodal voltages and the electric powers of buses at a specific operating point of the power system. The blind spot of such mechanism is that it cannot take systems’ uncertainties into account. Meanwhile, as introduced by Borkowska in 1974, the probabilistic power flow has been developed to evaluate the impacts of uncertainties, which nowadays is an important tool in power system planning and operation [5]. On the other hand, traditional load flow methods, such as fast decoupled Newton-Raphson and forward/backward sweep, are not that efficient in distribution systems because of their large R/X ratio and high run-time.



There has been a vast body of literature interrogating efficient methods for solving probabilistic load flow (PLF) in the probabilistic mechanism [6,7,8,9,10,11,12,13,14,15]. Reference [6] presented a Quasi-Monte Carlo (QMC) method to calculate the PLF for the radial distribution system. In another attempt, a PLF evaluation with Latin hypercube sampling (LHS) and Cholesky decomposition of the distribution system was proposed in [7]. A general investigation on QMC, Monte Carlo simulation (MCS), and LHS methods is accomplished in [8], with more attention on the QMC approach. In addition, reference [9] employed a probabilistic approach to evaluate the power flow in radial distribution systems. This approach involves two different methods: (i) the compensation-based PLF method and, (ii) the two-point estimation method. A novel PLF solution for both balanced and unbalanced low voltages in radial distribution networks is presented in [10]. Allowing for discrete probability density functions as input variables, without assuming a predefined distribution, is the feature of the proposed method in this reference. An application of the Sigma-point transform algorithm in the PLF problem is done in [11]. One of the advantages of this method is high accuracy in estimating the uncertainty. Approximation of the true mean and covariance in this approach is better than the linearization method. Lower computation burden is the advantage of this point estimate method. Authors in [12] have applied an analytical method, based on generalized polynomial chaos (GPC) for evaluating the PLF. The GPC method first appeared in 2002 as an extension of the polynomial chaos method [13], and has become an effective approach for probabilistic analysis of intricate systems. Furthermore, a new method is proposed for nonparametric probabilistic load flow analysis to identify probability density functions of the load flow outputs in [14]. In another attempt, analyzing the behavior of Hong’s point estimate approach for uncertainty of PLF is considered in [15], by presenting four Hong’s point estimate schemes and utilizing binominal and normal distribution to model the input random variables. Reference [16] evaluates the technical constraint fulfilment in radial distribution systems, based on an analytical technique. The proposed approaches are used to access the fulfilment of voltage constraints in the overall radial distribution systems with uncertainty in the loads and generations.



Solving PLF by combining Quasi-Monte Carlo and multiple linear regression is proposed in [17]. The excellence of this approach is compared with other MCS methods for PLF. The adaptation of uniform design sampling for PLF problems is presented in [18]. The random input variables of this approach are the desired marginal distributions by marginal transformation. Reference [19] proposed a PLF method based on Latin hypercube sampling. In that study, to improve calculation performance, a combined kernel density estimation with Nataf transformation is utilized. In addition, in [20], an analysis of PLF using the novel point estimate approach is demonstrated.



Although the investigated surveys have established efficient methods for PLF, they have not brought up the presumptive behavior of renewable sources. In this regard, the WFs with stochastic behavior aggravate the complexity of PLF evaluation by adding another stochastic factor to the power system. For example, the wind speed varies over time, randomly. The correlation between the wind speed, the output power of WF and system load should be considered when evaluating the PLF [21]. Such uncertainty imposed by the WFs should be considered by researchers to gain more efficient PLF methods. In [22], the impacts of high dimensional dependencies of wind speed are examined among wind farms for the purpose of PLF. Also, the probability distribution of wind speed, by employing the kernel density estimate method, is evaluated, and the pair-copula method is used to gain a joint probability distribution function of wind speed among wind farms. Reference [23] evaluates the transfer capability of power systems in the presence of the WFs. Transfer capability is a key index to determine allowable power transactions between areas, over and above already committed uses. It proposes a hybrid method, based on data clustering and contingency enumeration, by clustering the input data, including the output power of the WFs and systems’ loads, to a finite set, to reduce the complexity of the transfer capability problem. In [24], a decision-making algorithm is presented for the optimal placement and sizing of distributed generation (DG) units in distribution grids that can define the optimal location and estimate the optimum size for a DG unit to be connected. This process is performed for improvement of voltage profiles and reduction of power losses. A Simulink simulation of integration of WFs into the network is provided in [25] to achieve a thorough comprehension of the impact of wind changes on network losses.



As mentioned, the underlined studies certify that versatile viewpoints have been dealt with in the probabilistic load flow in distribution networks. However, as a substantial matter, simulation run-time is not accurately explored by the researchers. Henceforth, the ongoing study mainly addresses this issue in the PLF of the WF-integrated distribution network. In this context, it should be noted that MCS is the most widely-used method for PLF study of a system with wind integration. Broadly speaking, the MCS approach is recognized as a system-dimension independent approach; however, its execution might be rather time-consuming. The main problem in MCS calculation is the wide range of input data from stochastic phenomena in the system. In this paper, to diminish the computation time associated with MCS, a data clustering method, based-on K-means, is employed to cluster the output power of the WF and system load. The clustered data, as a limited version of data, is used in MCS calculations directly. Also, a direct PLF manner is utilized in this study. The results are compared with the unsorted data from MCS to evaluate the effectiveness of the proposed data clustering-based direct PLF approach.



Furthermore, to compare the direct PLF approach with an indirect PLF, the probabilistic forward/backward sweep (PFBS) method is run for the radial distribution system in the presence of the WFs by the two above mentioned approaches: K-means data clustering-based and simple data-based MCS. The PFBS method is based on the direct application of Kirchhoff’s voltage and current laws [26]. Furthermore, the simulation run-time comparison between the proposed direct PLF and the indirect PFBS is carried out, to figure out the effectiveness of both PLF methods.



This paper is arranged in the following sections: In Section 2, the wind turbine model is discussed, in detail. Also, in this section, the cumulative distribution function (CDF), probability density function (PDF), relationship between the input wind speed and output power of a wind turbine and the WF output power are presented. Section 3 describes the problem formulation and presents the proposed direct probabilistic PLF approach. Section 4 explains the MCS method in the PLF process for the WF-integrated distribution network. Also, the proposed K-means clustering algorithm for enhancement of the performance of MCS is described in Section 5. In Section 6, the obtained results are studied. Section 7 includes a discussion about the accomplished studies in the paper. The concluding remarks are mentioned in Section 8.




2. Wind Farm Modeling


2.1. Wind Speed Model


The main part of wind turbine modeling in PLF studies is the manner of obtaining the output power. In this light, the generated power of the wind turbine depends on the wind speed. Due to the undetermined nature of wind speed, this characteristic varies in a stochastic manner with time. The Weibull distribution model is generally used for wind speed estimation [27,28]. The CDF and the PDF of Weibull distribution are denoted as F(V) and G(V), respectively, and can be calculated by Equations (1) and (2), as follows [29]:


   F  ( V )  = 1 − exp  [  −    (    V −  V 0   β   )   α   ]    



(1)






   G  ( V )  =  α β     (    V −  V 0   β   )    α − 1   × exp  [  −    (    V −  V 0   β   )   α   ]    



(2)




where V is the randomly-variable wind speed, V0 is the location parameter, α is the shape parameter and β is the scale parameter.




2.2. Wind Turbine Model


The probabilistic characteristic of the output power of a wind turbine can be obtained from the relationship between wind speed and generated power. Figure 1 approximately represents the relationship between input wind speed and output active power for the variable speed type wind generators.



The demonstrated probabilistic relationship can be expressed by the following equations:


    {     P  W T   = 0    V  c o   ≤ V ≤  V  c i n        P  W T   =  P r    V −  V  c i n      V r  −  V  c i n        V  c i n   ≤ V ≤  V r       P  W T   =  P r     V r  ≤ V ≤  V  c o         



(3)




where V, Vcin, Vco, Vr and Pr represent the wind speed, down-cutting speed, up-cutting speed, nominal wind speed and its rated power, respectively.




2.3. Wind Farm Output Power


The WF output power, assuming the availability of all wind turbines, is the summation of the output power of all individual wind turbines. The output power of each WT can be obtained by (3). Assuming all wind turbines are available, the output power of a WF can be determined by (4):


    P  W F   s t o c h   =   ∑  j = 1  M    P  W  T j        



(4)




where PWTj and M are the output power of j-th wind turbine and the total number of wind turbines in the considered WF, respectively. In addition,     P  W F   s t o c h      represents the stochastic power of the wind farm.





3. Direct Probabilistic Load Flow Formulation


This section presents the proposed direct PLF formulation. Assuming stochastic output power from WF, the injected power of a WF connected bus can be calculated as follows:


    P i  s t o c h   =  P  W  F i    s t o c h   −  P   L i      



(5)




where     P i  s t o c h     ,     P  W  F i    s t o c h      and     P   L i       represent the power injection of bus i, stochastic generated power by the WF and the active power of the existent load in the WF-connected bus, respectively.



The equivalent stochastic current injection of i-th bus at the k-th iteration of the load flow solution will be given by (6):


    I i  s t o c h ( k )   =    (     S i  s t o c h      V i k     )   *  =    (     P i  s t o c h   + j  Q i     V i k     )   *    



(6)




where     Q i     is the injected reactive power of the i-th bus and (    I i  s t o c h ( k )     ) is the equivalent stochastic current injection obtained by stochastic power injections. By applying Kirchhoff’s current law (KCL) in the radial distribution system, the relationship between branch currents and equivalent stochastic current injections in matrix form can be obtained, as follows:


    [   B  s t o c h    ]  =  [  B I B C  ]   [   I  s t o c h    ]    



(7)




where [BIBC] is the bus-injection to the branch-current matrix. The constant [BIBC] matrix is an upper triangular matrix and contains values of 0 and +1 only. The general form of relationship between the bus voltages and the branch currents is as follows:


    [  Δ  V  s t o c h    ]  =  [  B C B V  ]   [ B ]    



(8)




where [BCBV] is the branch-current to the bus-voltage matrix. These two matrices (BIBC and BCBV) are combined to form a direct approach for solving load flow problems. By combining (7) and (8), the relationship between bus current injections and bus voltages can be expressed as:


    [  Δ  V  s t o c h    ]  =  [  B C B V  ]   [  B I B C  ]   [   I  s t o c h    ]  =  [  P L F  ]   [   I  s t o c h    ]    



(9)







The load flow solution of the distribution system in iteration k can be obtained by solving (10); this operation is performed until convergence is achieved.


      V i  s t o c h  (  k + 1  )    =  V i  −  [  P L F  ]   [   I i  s t o c h  ( k )     ]       |     V i  s t o c h  (  k + 1  )    −  V i  s t o c h  ( k )     |  ≥ ε     



(10)







Consequently, steps of load flow for a distribution system considering stochastic WF behavior can be specified as: calculation of     I i  s t o c h  ( k )       using (6), calculating [BIBC] using (7), calculation of [BCBV] using (8), obtaining [PLF] using (9), obtaining     V i  s t o c h  (  k + 1  )       using (10), checking the convergence condition given in (10), and repeating equations 6 to 10 if it does not converge, otherwise, stop.




4. Probabilistic Load Flow Evaluation Based on Monte Carlo Simulation


In the literature, there are several techniques for dealing with uncertain problems. These techniques may be classified into three main categories: MCS, analytical methods and approximate methods. The MCS method randomly generates values for uncertain input variables; then, these values are taken into account to solve a deterministic problem. This technique has been widely-used in power systems analysis to model uncertainties. However, it utilizes deterministic routines to solve the problem in each simulation [6]. Solving PLF through MCS is one of the utmost important applications of MCS in a power system. In this context, to solve PLF by MCS, a base case is selected, which includes network structure, output power of each generation unit and loads, in each bus. The steps of MCS application in PLF are as follows:



Step (1): randomly select wind speed and amount of load in one of the studied hours, for simulation purposes.



Step (2): determine the output active power of WF using (3).



Step (3): to keep the balance between generation and consumption (the balance might be violated because of contingencies), modify the output power of conventional generators. In this case, the active output power of conventional generation units are re-dispatched considering their appropriate contributions in the global generation.



Step (4): execute the proposed direct PLF.



Step (5): if a pre-specified number of iterations is executed, the simulation ends, otherwise, repeat Steps 1 to 4.



Finally, the voltage of buses can be calculated using the following equation:


    V i  =   ∑  f = 1  M    p f  ×  V i f      



(11)




where m is the f-th sample and M shows total number of MCS samples. Moreover,     p f     shows the probability of the f-th sample and     V i f     represents the voltage resulting from f-th sample for bus i-th in load flow.




5. Data Clustering Approach


Data clustering is the task of grouping a set of objects in such a way that objects in the same group (known as a cluster) are more similar to each other than to those in other groups (clusters). It is a main task of exploratory data mining, and a common technique for statistical data analysis, used in many fields, including load flow patterns of renewable-integrated distribution systems. Data clustering itself is not one specific algorithm, but a general task to be solved. It can be achieved by various algorithms that differ significantly in their notion of what constitutes a cluster and how to efficiently find them.



Several methods have been employed by data clustering for grouping data, based on similarities or differences in observations. In this context, categorization of data is done in such a way that data placed in a given category have the most similarity to each other, or they are different [22,30]. After categorizing, the volume of processed data is significantly reduced. This is the main advantage of data clustering, which can be addressed as limitation of data processing. In this study, K-means clustering as a method of data clustering is utilized. This method is employed for clustering the output power of WF and the system load data in the studied research. In the following section, the K-means method and its applications are explained.



5.1. K-Means Algorithm


Introduced by Mac Queen in 1967 [31], the K-means algorithm can categorize a large amount of data in such a way that the sum of the distances to the nearest cluster of data is minimized. The steps of the algorithm are as follows:



Step (1): define the initial number of cluster members (k) from the whole observations, randomly, and assign them as agents of the clusters.



Step (2): dedicate the other remaining observations to the clusters with the adjacent representative, using (12):


      m j  ∈  G h     i f     |   m j  −  a h   |  <  |   m j  −  a i   |      i = 1 , 2 , … , k      j = 1 , 2 , … , N     



(12)




where     a i     and     a h     are representative of cluster i and cluster h, N is the total number of observations,     m j     and     G h     represent the j-th observation and set of the h-th cluster members.



Step (3): calculate new cluster representatives, using (13):


    a i  =     ∑  j ∈  G h      m j       N G       i = 1 , 2 , … , k   



(13)




where     N G     denotes the number of members of observation in cluster i.



Step (4): repeat steps 3 and 4 until the change in cluster representatives becomes less than a particular threshold.



Step (5): calculate the probability of each cluster, using (14):


    P i  =    N  G i    N        i = 1 , 2 , … , k   



(14)







Applications of unsorted data and K-means clustering-based data for MCS in the proposed direct PLF are shown by flowcharts in Figure 2a,b.




5.2. Clustering Application in MCS for Probabilistic Load Flow


The MCS method is the most widely-used simulation method to study the PLF of a power system including wind integration. This approach is recognized as a system-dimension independent approach; however, its execution might be rather time-consuming. The main problem with MCS calculation is the wide range of input data from stochastic phenomena in the system. In this paper, to diminish the computation time associated with MCS, a data clustering method, based on K-means is employed to cluster the output power of WF and system load. The clustered data, as a limited version of data, is used in MCS calculations directly. After that, the data from data clustering-based MCS are utilized in a direct PLF. The results are compared with the simple data sent to MCS, to evaluate the efficiency of the proposed data clustering-based direct PLF approach. The steps of the clustering application in probabilistic load flow are as follows:



Step (1): determine the active power output of WF due to variations in wind speed.



Step (2): using the K-means clustering algorithm, the system load and output power of WF are clustered together in a desired range, and each cluster is characterized by the probability of its cluster and agent.



Step (3): i = 1 is selected as a counter of clusters.



Step (4): to keep the balance between generation and system load, the output power of conventional generation units is modified.



Step (5): proposed direct PLF is executed for the agent of the i-th cluster.



Step (6): if i is less than the number of clusters, repeat steps 4 to 5 for the next cluster, otherwise, stop.



Finally, calculate the mean voltage of buses using the following equation:


    V i  =   ∑  C = 1  C    p C  ×  V i C      



(15)




where c is the c-th cluster and M shows the total number of clusters. The     p    C       shows the probability of the c-th cluster and     V i C     represents the voltage resulting from the c-th cluster for the i-th bus in load flow.





6. Numerical Studies


6.1. IEEE 33-Bus Case Study


6.1.1. System Description


The IEEE 33-bus radial distribution system (Figure 3) is employed as the first case study to investigate the performance of the proposed method. In this system, a WF is connected to the system in bus-33. It should be mentioned, in the operation process of the K-means data clustering algorithm, the wind farm can be connected to the each of the buses in the considered distribution system. This means that the proposed algorithm is independent of the connected bus of the wind farm. Details about this test system are addressed in [32]. Table 1 lists the parameters of the wind turbines. Figure 4 shows the wind speed for 7000 samples. Base kV is taken as 12.66 kV and base MVA is considered to be 1 MVA. Figure 5 demonstrates the PDF of the wind speed samples, and the CDF of samples for wind speed and turbine output power. Also, the center of clusters after convergence achieved in data clustering is presented in Figure 6.



In this part, different studies are investigated, to evaluate the proposed direct PLF and indirect PFBS methods, based-on K-means clustering data and unsorted data, for MCS. In both methods, a pre-specified number of iterations is used for MCS simulation. This number is selected to be large enough to ensure convergence to an acceptable coefficient of variation value.




6.1.2. Proposed Direct Probabilistic Load Flow Evaluation


In this section, the proposed direct PLF is executed by employing K-means clustering-based data and unsorted data in MCS. Accordingly, this study is carried out for the following two cases:



Case 1.1: evaluation of direct PLF, based on K-means clustering data for MCS.



Case 1.2: evaluation of direct PLF, based on unsorted data for MCS.



For Case 1.1, input data (output power of WF and system load) are classified into different amounts of clusters, including 15, 30, 45 and 60 clusters. For cases 1.2, the values for selective buses in the MCS process are obtained at the iteration 7000. For instance, Figure 7 illustrates a convergence trend of the voltage magnitude of bus-33 for 7000 iterations of MCS, using the proposed direct PLF. In addition, the voltage convergence of bus-33 for clustering-based MCS is demonstrated in Figure 8. As shown, in higher number of clusters, the convergence of clustering-based MCS is closer to unsorted data-based MCS.




6.1.3. Indirect Probabilistic Forward/Backward Sweep Method Evaluation


In this paper, the indirect probabilistic forward/backward sweep (PFBS) method is employed for comparison with the proposed direct PLF, from the standpoint of run-time. For this purpose, in this section, a study is performed on the following two cases:



Case 2.1: evaluation of the indirect PFBS, based on K-means clustering data for MCS.



Case 2.2: evaluation of the indirect PFBS, based on unsorted data for MCS.



For Case 2.1, input data (output power of WF and system load) are classified into 15, 30, 45 and 60 clusters. For Case 2.2, the values for selected buses are obtained at iteration 7000. The results of evaluations of Case 1.1, Case 1.2, Case 2.1 and Case 2.2 are shown in Table 2. This table demonstrates the results of the selected bus voltage magnitudes for each case. For Case 1.1 and Case 2.1, it is found that by increasing the number of clusters, the selected bus voltage (e.g., Bus 18) magnitudes are found close to the results of MCS using unsorted data. The results using direct PLF and indirect PFBS approaches are found to be pretty close. As is obvious in Table 2, for all buses shown, the V magnitude from clustered data, regardless of the number of clusters, is always higher than the unsorted data. This is because of the higher relative value of the center of clusters (representative of the clusters for the wind speed) in the data clustering approach in comparison with unsorted data, in MCS. Table 3 exhibits the simulation run-time for the proposed direct PLF method and PFBS approach. As shown, the run-time for the proposed direct PLF is much smaller than PFBS and the run-times for both of them are smaller than the unsorted data-based MCS approach, which illustrates the effectiveness of the K-means clustering algorithm. To be more accurate, the voltages of all buses with the proposed data clustering-based direct PLF are demonstrated in Figure 9, and the magnitudes are listed in Table 4. Figure 10 shows the CDF of voltage for samples and the mean of clusters for bus-33. It should be noted that if the number of clusters decreases, the accuracy of the results of selected bus voltage magnitudes decreases, and if the number of clusters increases, the run-time increases.





6.2. IEEE 69-Bus Case Study


In the second case study, the IEEE 69-bus radial distribution system is selected to demonstrate the effectiveness of the proposed approach. This system contains a 12.66 kV radial distribution feeder, with 69 buses, seven laterals, and 47 load points, totaling 3.79 MW, with a 2.69 MVAr load. Figure 11 illustrates this system in which the wind farm is connected to the system in bus-53. The system data are given in [33]. Detailed numerical studies were described for IEEE 33-bus distribution system and same studies are repeated in this section for the new system. Figure 12 exhibits the convergence trend of voltage magnitude of bus-53 for 7000 iterations of the MCS by the proposed direct PLF. Also, the voltage convergence of bus-33 for clustering-based MCS is demonstrated in Figure 13. As shown, in higher number of clusters, the convergence of clustering-based MCS is closer to unsorted data-based MCS.



The results of the evaluations of Case 1.1, Case 1.2, Case 2.1 and Case 2.2 are shown in Table 5, for the 69-bus radial distribution system. This table demonstrates the results of the selected bus voltage magnitudes for each case. Again, for Case 1.1 and Case 2.1, it is found that by increasing the number of clusters, the selected bus voltage magnitudes are found to be close to the results of MCS. Table 6 exhibits the simulation run-time for the proposed direct PLF method and PFBS approach. As shown, the run-time of the proposed direct PLF is smaller than PFBS, and the run-times of both of them, using the clustered data-based method, are smaller than the unsorted data-based MCS approach, which illustrates the effectiveness of the K-means clustering algorithm. Similar to the 33-bus system, it is found that if the number of clusters decreases, the accuracy of results of selected bus voltage magnitudes decreases, and if the number of clusters increases, the run-time increases. It can be deduced from Table 6 that the convergence in the proposed direct PLF is faster than the indirect PFBS method. Voltages of all buses with the proposed data clustering-based direct PLF are demonstrated in Figure 14, and the magnitudes are listed in Table 7. Figure 15 shows the CDF of voltage for samples and the mean of clusters for bus-33.





7. Discussion


It is completely accepted that unsorted data increases the run-times of computation process in grids with stochastic generations. Sampling of data can improve the processing in such systems. One of the best methods in data sampling, K-means data clustering, was employed. The main concern was the variation in wind speed and consequently, in wind farm generation, which added a kind of uncertainty to the system. The wind speed and generated power of WFs were utilized in the proposed K-means data clustering of sample data in the system.



The obtained results show the validity of K-means data clustering to solve the PLF problem in wind-integrated distribution systems. Four different cases were investigated to evaluate the proposed direct PLF and the indirect PFBS methods, based-on K-means data clustering and unsorted data for MCS. The results for the proposed K-means data clustering algorithm, produced for the IEEE 33-bus and 69-bus radial distribution systems, have been compared with results obtained from unsorted data-based MCS for the same distribution system. The comparison showed that the proposed direct PLF, based on data clustering, is efficient at decreasing the run-time calculation process and can provide a good convergence process for the voltage magnitude of buses.



To compare the direct and indirect PLF methods, it should be added that the aim of employing direct PLF is to develop a formulation, which takes advantage of the topological characteristics of distribution systems, and solves the distribution load flow directly. It means that the time-consuming lower upper decomposition and forward/backward substitution of the Jacobian matrix or the admittance matrix, required in the traditional Newton-Raphson and Gauss implicit matrix algorithms, are not necessary in direct PLF. In direct PLF, two developed matrices, the bus-injection to branch-current matrix and the branch-current to bus-voltage matrix, and a simple matrix multiplication are utilized, to obtain the load flow solutions in the system with uncertainties.



Furthermore, analysis of the obtained results revealed that increasing the number of clusters increases the run-time computation; however, it obtains more efficient results for the voltages of the buses. On the other hand, decreasing the number of clusters reduces the run-time computation in the clustering process; this covers the aim of this paper completely, but the problem is the voltage magnitude in the buses. The low number of clusters probably gets unacceptable voltage magnitudes for the buses. A compromise which obtains the optimal number of clusters for an accurate analysis could improve the operation process of the proposed method. Generally, the assessment of the optimal number for clusters was not the focus of this study, but it should be considered for future works.




8. Conclusions


This study intended to develop a fast and accurate PLF method for radial distribution systems interconnected with wind farms. Wind farm integrated radial distribution systems hold stochastic characteristics with lots of uncertainties and require special attention for their operation and planning. In this regard, the K-means data clustering-based Monte Carlo Simulation is proposed in this study, to mitigate the calculation run-time, without compromising the calculation accuracy. The method has been tested for direct PLF and indirect probabilistic forward/backward sweep (PFBS) methods. The results from both direct and indirect PLF approaches using clustered data were compared against unsorted data for a performance comparison. The test was carried out using two different networks (33-bus and 69-bus distribution systems), interconnected with a wind farm. It can be concluded from the extensive simulation analysis that K-means data clustering-based MCS is an effective method for reducing the calculation burden significantly in PLF, especially for bigger networks, compared to unsorted data-based MCS. Also, the run-time or calculation burden was found to be much smaller in the direct PLF approach, compared to indirect PFBS method when K-means data clustering-based MCS is used. Another obtained result was that decreasing the number of clusters decreases the run-time, and increasing the number of clusters increases the accuracy.
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Figure 1. Speed-power curve of a wind turbine. 
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Figure 2. Flowcharts of the proposed direct probabilistic load flow (PLF), (a) unsorted data, and (b) K-means data clustering. 






Figure 2. Flowcharts of the proposed direct probabilistic load flow (PLF), (a) unsorted data, and (b) K-means data clustering.



[image: Energies 11 00310 g002]







[image: Energies 11 00310 g003 550] 





Figure 3. IEEE 33-bus radial distribution system. 






Figure 3. IEEE 33-bus radial distribution system.



[image: Energies 11 00310 g003]







[image: Energies 11 00310 g004 550] 





Figure 4. Wind speed for each sample. 
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Figure 5. Cumulative distribution function of wind speed and wind output power. (a) PDF of wind speed samples, (b) PDF of wind speed samples, (c) CDF of turbine output power. 
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Figure 6. Center of clusters after convergence achieved in data clustering. 
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Figure 7. Convergence process of bus-33 for unsorted data-based Monte Carlo Simulation (MCS). 
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Figure 8. Convergence process of bus-33 for clustering-based MCS. 
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Figure 9. Voltage profile with the proposed data clustering-based direct PLF with different number of clusters (33-bus system). 
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Figure 10. Cumulative distribution function of voltage magnitude for bus-33. 
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Figure 11. IEEE 69-bus radial distribution system. 
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Figure 12. Convergence process of bus-53 for unsorted data-based MCS. 
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Figure 13. Convergence process of bus-53 for clustering data-based MCS. 






Figure 13. Convergence process of bus-53 for clustering data-based MCS.



[image: Energies 11 00310 g013]







[image: Energies 11 00310 g014 550] 





Figure 14. Voltage profile with the proposed data clustering-based direct PLF. 
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Figure 15. Cumulative distribution function (CDF) of voltage magnitude for bus-53. 
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Table 1. Wind turbine parameters.
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	Power Factor
	Vcin (m/s)
	Vr (m/s)
	Vco (m/s)
	Pr (kW)





	0.92
	4
	10
	22
	500










[image: Table] 





Table 2. Comparison between the proposed direct PLF and the indirect probabilistic forward/backward sweep (PFBS) methods.
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Method

	
Cluster

	
Bus-2

	
Bus-10

	
Bus-18

	
Bus-19

	
Bus-25

	
Bus-33






	
Case 1: Direct PLF

	
Case 1.1

(Clustered Data)

	
15

	
0.9978

	
0.9467

	
0.9308

	
0.9973

	
0.9709

	
0.9843




	
30

	
0.9977

	
0.9444

	
0.9285

	
0.9972

	
0.9705

	
0.9746




	
45

	
0.9976

	
0.9428

	
0.9268

	
0.9971

	
0.9701

	
0.9683




	
60

	
0.9976

	
0.9419

	
0.9259

	
0.9971

	
0.9699

	
0.9649




	
Case 1.2

(Unsorted Data)

	
-

	
0.9975

	
0.9407

	
0.9247

	
0.9970

	
0.9697

	
0.9607




	
Case 2: Indirect PFBS

	
Case 2.1

(Clustered Data)

	
15

	
0.9978

	
0.9467

	
0.9307

	
0.9973

	
0.9709

	
0.9843




	
30

	
0.9977

	
0.9444

	
0.9279

	
0.9972

	
0.9705

	
0.9845




	
45

	
0.9976

	
0.9427

	
0.9266

	
0.9972

	
0.9701

	
0.9683




	
60

	
0.9976

	
0.9418

	
0.9259

	
0.9971

	
0.9700

	
0.9649




	
Case 2.2

(Unsorted Data)

	
-

	
0.9975

	
0.9407

	
0.9247

	
0.9970

	
0.9696

	
0.9607
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Table 3. Calculation run-time results for the proposed method, based on both simple MCS and data clustering (33-bus system).
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Approach

	
Time (s)

(Proposed Direct PLF Approach)

	
Time (s)

(Backward-Forward Approach)






	
Data Clustering-Based MCS

	
Clusters = 15

	
0.0091

	
0.0182




	
Clusters = 30

	
0.0186

	
0.0370




	
Clusters = 45

	
0.0278

	
0.0552




	
Clusters = 60

	
0.0370

	
0.0735




	
Unsorted Data-Based MCS

	
2.9129

	
5.7728
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Table 4. Voltage magnitudes with the proposed data clustering-based direct PLF (33-bus system).
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Number of Bus

	
Data Clustering-Based MCS

	
Unsorted Data-Based MCS




	
15 Clusters

	
30 Clusters

	
45 Clusters

	
60 Clusters






	
1

	
1.0000

	
1.0000

	
1.0000

	
1.0000

	
1.0000




	
2

	
0.9978

	
0.9977

	
0.9976

	
0.9976

	
0.9975




	
3

	
0.9845

	
0.9841

	
0.9837

	
0.9835

	
0.9833




	
4

	
0.9807

	
0.9798

	
0.9792

	
0.9788

	
0.9783




	
5

	
0.9772

	
0.9759

	
0.9749

	
0.9744

	
0.9736




	
6

	
0.9668

	
0.9645

	
0.9629

	
0.9620

	
0.9609




	
7

	
0.9633

	
0.9611

	
0.9595

	
0.9586

	
0.9574




	
8

	
0.9586

	
0.9563

	
0.9547

	
0.9538

	
0.9526




	
9

	
0.9524

	
0.9502

	
0.9485

	
0.9476

	
0.9464




	
10

	
0.9467

	
0.9444

	
0.9428

	
0.9419

	
0.9407




	
11

	
0.9459

	
0.9436

	
0.9419

	
0.9410

	
0.9398




	
12

	
0.9444

	
0.9421

	
0.9404

	
0.9395

	
0.9383




	
13

	
0.9384

	
0.9361

	
0.9344

	
0.9335

	
0.9323




	
14

	
0.9361

	
0.9338

	
0.9322

	
0.9312

	
0.9300




	
15

	
0.9348

	
0.9324

	
0.9308

	
0.9299

	
0.9287




	
16

	
0.9334

	
0.9311

	
0.9294

	
0.9285

	
0.9273




	
17

	
0.9314

	
0.9291

	
0.9274

	
0.9265

	
0.9253




	
18

	
0.9308

	
0.9285

	
0.9268

	
0.9259

	
0.9247




	
19

	
0.9973

	
0.9972

	
0.9971

	
0.9971

	
0.9970




	
20

	
0.9937

	
0.9936

	
0.9935

	
0.9935

	
0.9934




	
21

	
0.9930

	
0.9929

	
0.9928

	
0.9928

	
0.9927




	
22

	
0.9924

	
0.9923

	
0.9922

	
0.9922

	
0.9921




	
23

	
0.9809

	
0.9805

	
0.9801

	
0.9799

	
0.9797




	
24

	
0.9742

	
0.9738

	
0.9735

	
0.9733

	
0.9730




	
25

	
0.9709

	
0.9705

	
0.9701

	
0.9699

	
0.9697




	
26

	
0.9670

	
0.9645

	
0.9627

	
0.9617

	
0.9604




	
27

	
0.9676

	
0.9646

	
0.9625

	
0.9613

	
0.9599




	
28

	
0.9672

	
0.9628

	
0.9597

	
0.9581

	
0.9559




	
29

	
0.9680

	
0.9623

	
0.9584

	
0.9563

	
0.9536




	
30

	
0.9705

	
0.9638

	
0.9593

	
0.9569

	
0.9539




	
31

	
0.9777

	
0.9692

	
0.9637

	
0.9607

	
0.9570




	
32

	
0.9805

	
0.9714

	
0.9655

	
0.9624

	
0.9584




	
33

	
0.9843

	
0.9746

	
0.9683

	
0.9649

	
0.9607
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Table 5. Comparison between the proposed direct PLF and the indirect PFBS methods.
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Method

	
Cluster

	
Bus-2

	
Bus-10

	
Bus-18

	
Bus-19

	
Bus-25

	
Bus-33






	
Case 1: Direct PLF

	
Case 1.1

(Clustered Data)

	
15

	
0.9881

	
0.9671

	
0.9880

	
0.9756

	
0.9823

	
0.9984




	
30

	
0.9868

	
0.9656

	
0.9867

	
0.9675

	
0.9716

	
0.9984




	
45

	
0.9861

	
0.9649

	
0.9860

	
0.9634

	
0.9663

	
0.9984




	
60

	
0.9858

	
0.9646

	
0.9858

	
0.9616

	
0.9639

	
0.9984




	
Case 1.2

(Unsorted Data)

	
-

	
0.9853

	
0.9641

	
0.9852

	
0.9586

	
0.9600

	
0.9984




	
Case 2: Indirect PFBS

	
Case 2.1

(Clustered Data)

	
15

	
0.9881

	
0.9670

	
0.9880

	
0.9756

	
0.9825

	
0.9984




	
30

	
0.9866

	
0.9656

	
0.9866

	
0.9675

	
0.9716

	
0.9984




	
45

	
0.9861

	
0.9650

	
0.9860

	
0.9635

	
0.9663

	
0.9984




	
60

	
0.9858

	
0.9646

	
0.9856

	
0.9618

	
0.9640

	
0.9984




	
Case 2.2

(Unsorted Data)

	
-

	
0.9854

	
0.9641

	
0.9852

	
0.9585

	
0.9601

	
0.9984
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Table 6. Calculation run-time results for proposed method, based on both simple MCS and data clustering (69-bus system).
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Approach

	
Time (s)

(Proposed Direct PLF Approach)

	
Time (s)

(Backward-Forward Approach)






	
Data Clustering-Based MCS

	
Clusters = 15

	
0.0127

	
0.0297




	
Clusters = 30

	
0.0248

	
0.0581




	
Clusters = 45

	
0.0383

	
0.0896




	
Clusters = 60

	
0.0488

	
0.1141




	
Unsorted Data-Based MCS

	
4.7185

	
11.0109
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Table 7. Voltage magnitudes with the proposed data clustering-based direct PLF (69-bus system).






Table 7. Voltage magnitudes with the proposed data clustering-based direct PLF (69-bus system).





	
Number of Bus

	
Data Clustering-Based MCS

	
Unsorted Data-Based MCS




	
15 Clusters

	
30 Clusters

	
45 Clusters

	
60 Clusters






	
1

	
1.0000

	
1.0000

	
1.0000

	
1.0000

	
1.0000




	
2

	
1.0000

	
1.0000

	
1.0000

	
1.0000

	
1.0000




	
3

	
0.9999

	
0.9999

	
0.9999

	
0.9999

	
0.9999




	
4

	
0.9999

	
0.9999

	
0.9999

	
0.9999

	
0.9999




	
5

	
0.9993

	
0.9993

	
0.9992

	
0.9992

	
0.9992




	
6

	
0.9944

	
0.9938

	
0.9935

	
0.9933

	
0.9931




	
7

	
0.9893

	
0.9881

	
0.9875

	
0.9872

	
0.9868




	
8

	
0.9881

	
0.9868

	
0.9861

	
0.9858

	
0.9853




	
9

	
0.9875

	
0.9861

	
0.9854

	
0.9851

	
0.9845




	
10

	
0.9825

	
0.9811

	
0.9804

	
0.9801

	
0.9796




	
11

	
0.9815

	
0.9800

	
0.9793

	
0.9790

	
0.9785




	
12

	
0.9783

	
0.9769

	
0.9762

	
0.9759

	
0.9753




	
13

	
0.9754

	
0.9740

	
0.9733

	
0.9730

	
0.9724




	
14

	
0.9726

	
0.9711

	
0.9704

	
0.9701

	
0.9695




	
15

	
0.9697

	
0.9683

	
0.9676

	
0.9672

	
0.9667




	
16

	
0.9692

	
0.9678

	
0.9670

	
0.9667

	
0.9662




	
17

	
0.9683

	
0.9669

	
0.9662

	
0.9658

	
0.9653




	
18

	
0.9683

	
0.9669

	
0.9662

	
0.9658

	
0.9653




	
19

	
0.9678

	
0.9664

	
0.9657

	
0.9654

	
0.9648




	
20

	
0.9676

	
0.9661

	
0.9654

	
0.9651

	
0.9645




	
21

	
0.9671

	
0.9656

	
0.9649

	
0.9646

	
0.9641




	
22

	
0.9671

	
0.9656

	
0.9649

	
0.9646

	
0.9640




	
23

	
0.9670

	
0.9656

	
0.9648

	
0.9645

	
0.9640




	
24

	
0.9668

	
0.9654

	
0.9647

	
0.9644

	
0.9638




	
25

	
0.9667

	
0.9652

	
0.9645

	
0.9642

	
0.9636




	
26

	
0.9666

	
0.9652

	
0.9644

	
0.9641

	
0.9636




	
27

	
0.9666

	
0.9652

	
0.9644

	
0.9641

	
0.9636




	
28

	
0.9999

	
0.9999

	
0.9999

	
0.9999

	
0.9999




	
29

	
0.9999

	
0.9999

	
0.9999

	
0.9999

	
0.9999




	
30

	
0.9997

	
0.9997

	
0.9997

	
0.9997

	
0.9997




	
31

	
0.9997

	
0.9997

	
0.9997

	
0.9997

	
0.9997




	
32

	
0.9996

	
0.9996

	
0.9996

	
0.9996

	
0.9996




	
33

	
0.9994

	
0.9994

	
0.9994

	
0.9994

	
0.9994




	
34

	
0.9990

	
0.9990

	
0.9990

	
0.9990

	
0.9990




	
35

	
0.9990

	
0.9990

	
0.9990

	
0.9990

	
0.9990




	
36

	
0.9998

	
0.9998

	
0.9998

	
0.9998

	
0.9998




	
37

	
0.9986

	
0.9986

	
0.9986

	
0.9986

	
0.9986




	
38

	
0.9947

	
0.9947

	
0.9947

	
0.9947

	
0.9947




	
39

	
0.9942

	
0.9942

	
0.9942

	
0.9942

	
0.9942




	
40

	
0.9880

	
0.9867

	
0.9860

	
0.9858

	
0.9852




	
41

	
0.9880

	
0.9867

	
0.9860

	
0.9857

	
0.9852




	
42

	
0.9866

	
0.9850

	
0.9841

	
0.9837

	
0.9831




	
43

	
0.9856

	
0.9836

	
0.9826

	
0.9822

	
0.9814




	
44

	
0.9843

	
0.9819

	
0.9807

	
0.9801

	
0.9792




	
45

	
0.9831

	
0.9802

	
0.9788

	
0.9781

	
0.9770




	
46

	
0.9789

	
0.9733

	
0.9705

	
0.9692

	
0.9671




	
47

	
0.9769

	
0.9699

	
0.9665

	
0.9649

	
0.9623




	
48

	
0.9762

	
0.9687

	
0.9649

	
0.9633

	
0.9605




	
49

	
0.9756

	
0.9675

	
0.9634

	
0.9616

	
0.9586




	
50

	
0.9742

	
0.9651

	
0.9606

	
0.9586

	
0.9553




	
51

	
0.9750

	
0.9657

	
0.9612
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