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Introduction: With the installation of advanced metering infrastructures, the operation data of EVs in the distribution networks can be obtained with time intervals of seconds and minutes. Based on these operation data, the impacts of integrating EVs into the distribution networks can be calculated and discussed.
Methods: In this paper, an improved clustering algorithm with a new distance index for the daily curves of different types of EVs was proposed. The different types of EVs can be classified into several typical groups and the required number of operation scenarios can be reduced. After reducing the large-scale database to typical clusters, research can be conducted on the characteristics of EVs specific to certain scenarios.
Results and discussion: In this way, the capability of integrating different types of EVs into the distribution network, such as fast EV charging stations, slow EV charging stations, and EV bus charging stations, is assessed from the perspective of load capacity size. The proposed clustering algorithm was verified with practical operation data.
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1 INTRODUCTION
With the development of power electronics technology and advanced metering infrastructures, the ability of controlling and monitoring the loads in power systems was increasing in the past years. In addition, with the significant progress of communication technology, power system operators can collect a large amount of data which covers load curves, power demand, and user satisfy data to facilitate optimizing the operation schedule of the power systems (Si et al., 2021). The collected load data and the process of these data can help operators to analyze the characteristics of daily load curves, customer demand types, achieve more accurate load forecasting, and adjust the operation schedule in advanced (Chicco et al., 2004; Lang et al., 2019).
The electric vehicle (EV) has been regarded a kind of controllable loads and operation resources in power systems. The rapid growth in the number and capacity of EVs exerts a significant influence on power system operations, with the potential to affect grid stability, voltage regulation, and overall system reliability (Geth et al., 2012; Yao et al., 2014; Tu et al., 2019). The batteries installed on the EVs provide energy storage systems for the power systems. In this way, the EVs parking at the charging stations could provide operation flexibility by charging and discharging energy with power systems. When EVs are parked at charging stations, they can charge from or discharge into the power system, depending on the grid’s requirements. This bidirectional energy exchange can help balance supply and demand, improve grid resilience, and enhance the integration of renewable energy sources (Chen et al., 2018). The power and energy capacity for the batteries installed on the EVs varies a lot by different kinds of EVs and charging stations. As a consequence, identifying the types of EVs and charging stations is essential to determine the operation characteristics for EVs in the daily load curves. Furthermore, the precise types and numbers of EVs that will be parked at charging stations and connected to the power system at any given time are difficult to predict with complete accuracy (Moghaddam et al., 2018). In summary, the installation of EV charging stations introduces both opportunities and challenges for power systems. By understanding the characteristics of different EV types and charging stations, and by utilizing advanced metering and control technologies, grid operators can better manage the impact of EV charging on the power grid, ensuring efficient and reliable electricity service.
However, the analysis with large amount of data from the power systems were complex and difficult tasks. Such data were collected from various kinds of sensors in-stalled on the smart grid. On each bus in power systems, all the different types of loads are connected together and the behaviors of them will take effects on the load curve of the bus. In this way, the features captured from the load curves were consisted of different kinds of physical loads.
In order to capture the features of the EVs with various kinds of load curves, a lot of researchers have developed methods for data mining. Among these methods, clustering algorithm is a technology that can effectively achieve data mining. Deeply exploring and analyzing the characteristics of load data can effectively supports load forecasting and demand side response in the field of smart grids. In this way, the clustering algorithms in the power system can help to address the impacts of electric vehicle loads on both supply and demand sides of the grid. Based on a large amount of data, clustering algorithms can be used to explore different patterns of EV users (Dyke et al., 2010), improve the accuracy of load forecasting (Teeraratkul et al., 2018), and support demand-side response (Labeeuw et al., 2015; Alvarez et al., 2020). In various subclass algorithms of clustering algorithms, Euclidean distance is commonly used to define the similarity between different scenarios of daily load curves. However, a significant drawback of Euclidean distance is that it cannot recognize the relationships between curves of different shapes.
The daily load curves of different types of EV show different characteristics and indicate different potentials for demand response. In this way, classifying the types of EV with the daily load curves is an important task for power systems. A similarity definition that considers the weight proportion of two load characteristic parameters on the basis of Euclidean distance was proposed in this paper. The impacts of several typical electric vehicle charging loads superimposed on different loads by the clustering algorithm results were also discussed in this paper.
The primary contribution of this paper is proposing an improved clustering algorithm with a novel distance index for the study of power system loads. Compared to the commonly used distance definitions in clustering algorithms, this novel distance definition takes into account the differences of two inherent data characteristics in power systems.
2 CLUSTERING ALGORITHM
Advanced power metering technology increases the sampling rate and data accuracy of power systems. A large number of databases with different kinds of operating units have been generated in the recent years for power systems. The demand for processing a large number of databases, identifying outlier, and classifying and extracting useful data is increasing, clustering algorithms are widely used to solve power system problems (Figueiredo et al., 2005). proposed a data mining model that combines unsupervised learning and supervised learning to classify load curves (Kwac et al., 2014). has subdivided the types of electricity users using clustering algorithms, enhancing the ability to understand individuals and consumer groups (Chicco et al., 2006). compared the results of hierarchical clustering algorithm, k-means algorithm, and fuzzy k-means algorithm (Chicco et al., 2003a). Studied the clustering of load patterns to adapt to different types of load patterns (Chicco et al., 2003b). used unsupervised clustering algorithms and self-organizing maps to group customers with similar electrical behaviors (Gerbec et al., 2003). used hierarchical clustering algorithm and fuzzy logic to classify consumer load conditions (Gerbec et al., 2005). used probabilistic neural networks and clustering algorithms to predict typical load curves (Ryu et al., 2020). used clustering algorithms to capture the annual load characteristics of users and clearly displayed them through load images. In recent years, multiple studies have verified the feasibility of resolution technology in dimensionality reduction, reasonable profile selection and classification, and stability of typical daily load data (Li et al., 2016; Lin et al., 2019). In (Chicco et al., 2013), an original electric mode ant colony clustering algorithm based on k-means algorithm was proposed and applied to classify typical loads of non residential users. The k-means algorithm needs to determine cluster results ([image: image]) and their initial centroid which is usually determined by experience and common sense before calculating. Then calculate the distances between each centroid and each instance x, then find the smallest distance. New centroid in [image: image] which contain m instances can be calculated with Eq. 1.
[image: image]
However, the above literature all used traditional distance definitions and did not consider the possible impact of grid connected to electric vehicle charging loads on clustering algorithm results.
Clustering algorithms can aggregate a large amount of scattered data into a small amount of data through a series of operations. The idea of clustering algorithm is to minimize the similarity between different instances belonging to the same clusters and maximize the similarity between different instances belonging to different clusters. On this basis, in order to cope with different scenarios and handle databases of different types, dimensions, and quantities, many different clustering algorithms have been de-signed. There are five main categories of algorithms applied to smart grid: hierarchical, density-based, partition-based, grid-based, and model-based (Tsekouras et al., 2007). In terms of clustering methodologies, the existing algorithms applied to power systems are predominantly based on the K-means algorithm, whose effectiveness is contingent upon the initial setting of cluster centroids. This necessitates the involvement of more experienced engineering personnel to design specific clustering schemes. In contrast, the hierarchical clustering algorithm utilized in this paper facilitates comparison among datasets, enabling even inexperienced engineers or those encountering this type of data for the first time to achieve satisfactory clustering outcomes. However, the downside of hierarchical clustering algorithms, as compared to K-means clustering, is quite evident; due to the requirement for a greater number of computations in each clustering iteration, the computational process becomes more complex. Regarding the definition of distance, this paper introduces a novel distance metric that incorporates two data characteristics specific to power systems: load rate and peak valley difference. Currently, a widely used definition of distance is Euclidean distance (Yu, 1996), it is defined as the result when p equals 2 at the Minkowski Distance, which can be represented by Eq. 2
[image: image]
Manhattan distance is Minkowski Distance when p equals to 1, the expression of Manhattan distance is shown in Eq. 3.
[image: image]
Canberra distance is an improvement on Manhattan distance, the expression of it is shown in Eq. 4.
[image: image]
It is obvious that these formulas only consider the differences in various dimensions of the instance and does not consider the similarity of the shape. In order to overcome the drawbacks, this paper considers the other two commonly used load characteristics in power systems, load rate and the difference of the valley and peak load difference, in the definition of the criterion for distinguishing different clusters is the distance between the clusters. The load rate is defined as the percentage of the ratio of the average load to the maximum load during a specified period of time, used to measure the changes in load during a specified period, and to evaluate the utilization of electrical equipment. The difference of the valley and peak load difference is defined by the difference between the valley value and peak value of the daily loads in a day time. It indicates the variations of power demand of users at different periods.
In order to clustering the daily loads with different based values of power systems, the daily load curves, the load rate, the valley peak difference need to be scaled to the per unit value. This paper selects the practical load data of EV from some system buses in China, and chooses the maximum load of each bus as its base line value. The three weights [image: image], [image: image], [image: image] reflect the importance of load size, valley peak difference, and load rate at each time period in distance we defined. The deviation in load size at each time point is widely applied in the study of various clustering algorithms, representing the deviation of the dataset in details, while valley peak difference and load rate are unique parameters in the power system, representing the deviation of the dataset in the overall profile. Load curves can be easily categorized based on their overall profile, but a comparison of detailed differences is required to reflect the subtle variations between loads. Therefore, in the selection of weights, the proportion of the weight assigned to the size of each time interval of the load will be larger, while the proportions of the other two weights will be smaller. In this way, the distance between the bus x and the bus y can be calculated by Eq. 5.
[image: image]
where [image: image], [image: image], [image: image], [image: image] respectively represent the average load, the maximum load, the peak value of load and the valley value of load of bus x. In the same way, [image: image], [image: image], [image: image], [image: image] represent the values for bus y.
In each cluster, there are at least two instances. Each instance can be imported to calculate the value of D during each iteration. The average linkage was applied to determine the value of linkage criterion for the cluster. The comparison between the instances in two clusters refers to the average distance.
For two clusters [image: image] which respectively contains m instances and n instances, there are usually three types of distance definitions, that is maximum distance, minimum distance, and average distance. The expressions are shown in Eqs 6–8. In this paper, the average distance was chosen for calculating the distance between two clusters.
[image: image]
[image: image]
[image: image]
There are two different methods of hierarchical clustering algorithms. The first method is to divide one large cluster into several small clusters, so called divisive algorithm as follows, A dataset M can be divided into n disjoint clusters [image: image], the distance between them is denoted as [image: image], and the result should satisfy the Eq. 9, which is shown as follow: 
[image: image]
The core rule of clustering algorithms is to minimize the whole distance, the detail is shown in Eq. 10.
[image: image]
The second method is to combine several small clusters to a large cluster, so called agglomerative algorithm. The proposed clustering method in this paper belongs to the second one, and the iteration process is described as follows.
1) Divide all EV loads from different charging stations into (n+1-k) classes, where n is the initial total number of charging stations and k is the number of iterations
2) Calculate the distance between each clustering and generate a distance matrix [image: image].
3) Compare distances and combine the two clusters with the smallest distance into a new cluster.
4) Stop iterating when the minimum distance in the matrix is larger than the threshold, otherwise return to the first step
The flowchart is shown in Figure 1 as follows.
[image: Figure 1]FIGURE 1 | Flowchart of hierarchical clustering algorithm.
3 ANALYSIS OF ELECTRIC VEHICLE INTEGRATION INTO DAILY LOAD
Three typical loads with per unit value curves collected from electric vehicle charging stations in China in 2021 are shown in Figure 2, which include the EV charging load in mixed residential and industrial areas, the EV charging load in commercial areas and the EV charging load in residential areas. Users in residential areas predominantly charge their EVs during the late night and early morning hours when electricity prices are lower, leading to peak charging loads during these times, while the number of chargers during the day is negligible. The EV charging load in commercial areas exhibits greater randomness, primarily concentrated in the afternoon and early evening hours, with occasional charging in the early morning and late night, but less than the previously mentioned periods. The EV charging load in mixed residential and industrial areas is similar to that of residential areas, peaking at night, but differs in that some users choose to charge during the midday hours. Based on the observation, many actual charging station loads can be categorized into the aforementioned three types or a combination.
[image: Figure 2]FIGURE 2 | Three typical electric vehicle loads.
In this paper, the results of combining the daily load curves of these types of EV loads with different daily load curves were studied. With different percentage of EV loads to the daily load curves, the shapes of daily load curves can be changed and the impacts on power systems will be different. These three typical electric vehicle loads were combined with other daily load curves to generate new daily load curves. The combining method can be described as Eq. 11,
[image: image]
where [image: image] represents the combined power of time t, [image: image] represents the EV power at time t, represents the power of daily load at time t, [image: image] represents the multi coefficient of EV. By adjusting the penetration level of three typical EV loads, the clustering results will be different. In this way, the impacts of integrating the EVs to the power systems can be studied. If the new clustering results take the same effects on the power systems as the previous results without electric loads, it indicates that the EV loads takes little effects on the clustering result yet, and increase the penetration level of the EV loads. When the clustering results was changed, the penetration level of the selected EV loads was recorded. The iteration process is described as follows:
1) Select the load bus to add the selected EV loads on
2) The starting penetration level of EV is selected as K = 0.01, such coefficient is multiplied by the characteristic curve of the selected EV loads from the typical loads. In this paper, there are three types of EV loads for selection.
3) Start the clustering algorithm and output the results of the clustering algorithm
4) Compare the clustering results, and if the results are the same, increase the value of k and return to the second step; if the results are different, record the current k value and proceed to the next step
5) Check whether all suitable buses to add the EV loads have been calculated. If not, return to the first step.
The flowchart is shown in Figure 3.
[image: Figure 3]FIGURE 3 | Flowchart of hierarchical clustering algorithm.
4 CASE STUDIES
4.1 Clustering results
In this paper, the historical daily operation data from different system buses were selected for the case studies. These curves were shown in Figure 4. The weight coefficients [image: image] , [image: image] and [image: image] in Eq. 5 were set to 0.8, 0.1, 0.1 for the case studies. The clustering results obtained with the proposed method in the second section were shown in Figure 5. Firstly, because of the termination condition of iteration and the significant difference among some buses, the algorithm did not classify some buses into any category. These daily curves were shown in the last sub graph on Figure 5. Secondly, all the 29 operation curves participating in clustering, they are divided into six categories based on their similarity with the proposed definition of distance. The statistical information is listed in Table 1 as follows,
[image: Figure 4]FIGURE 4 | Scenarios of Daily Loads curves on different buses.
[image: Figure 5]FIGURE 5 | Clustering algorithm results without electric vehicle load.
TABLE 1 | The statistical information of 29 daily load curves.
[image: Table 1]The result in Figure 5 indicates that the curves under these five categories have significant differences, proving that considering load rate and peak to valley difference can provide reference for the overall shape of the daily load curve. The sixth category includes all the remaining curves. Meanwhile the Euclidean distance with relatively high weights separates stations with similar shapes for subtle differences in specific load curves. The clustering results indicate the three factors in Eq. 5 could classify the combined daily load curves effectively. The parameters for the case studies were listed in Table 2 as follows.
TABLE 2 | The parameter for the clustering algorithm.
[image: Table 2]4.2 Superimposition of electric vehicle charging loads
Due to the large number of clustering results obtained from the integration of three types of electric vehicle (EV) charging loads at 25 sites, it is not feasible to present all of them. Therefore, this paper only illustrates the peak loads of EVs that are significant enough to affect the clustering outcomes in Figure 6. Figure 6 reflects the peak sizes of the three types of EV loads that 25 daily load curves can accommodate, where the magnitude of the load peak corresponds to the K coefficient in Eq. 11 discussed earlier. The results indicate that for a specific bus, it either exhibits sensitivity to all types of charging loads (with a small k value, meaning that the addition of a small amount of EV load leads to changes in clustering results) or can withstand a larger charging load (with a larger k value, even with the addition of a significant amount of EV load, the clustering results remain consistent with the initial state). As depicted in Figure 6, compared to the other two types of electric vehicle (EV) loads, the first type of EV load has a lesser impact on the daily load of all system buses. However, certain specific loads on bus 17 can accommodate a substantial amount of the second and third types of EV loads.
[image: Figure 6]FIGURE 6 | Electric vehicle charging loads and k values.
This numerical result also compared the different performances of electric vehicle charging loads superimposed on the daily loads on different buses in the same cluster, as shown in the following Figure 7. In order to highlight the difference for the same bus with other indices, their load rate and the valley and peak difference are also shown in Figure 7.
[image: Figure 7]FIGURE 7 | The k value to three types of electric vehicle charging loads, load rate and valley peak difference of the first category of initial classification.
The study indicates that the effects of the peak to valley difference and load rate on the K value are entirely opposite, while the change in k value is positively correlated with the valley peak difference, which indicates that daily load curves with smaller valley peak difference and larger load rate are more susceptible to the impact of electric vehicle charging loads, and their clustering results are more likely to be affected when they are super-imposed with very small electric vehicle loads. On the contrary, daily load curves with larger valley peak difference or smaller load rate are more resistant to the impact of electric vehicle charging loads.
5 DISCUSSIONS
Figure 5 indicates that the new weight definition of similarity considering load rate and valley peak difference purposed in this paper can contribute to a load clustering result that divide load curves according to different curve shapes.
Figure 6 and Figure 7 indicate that the result of electric vehicle load superposition is influenced by the load rate and valley peak difference of the original load, as well as the type of electric vehicle load. The clustering result after superimposing electric vehicle charging loads indicates that an electric vehicle load should be connected to suitable station without affecting the overall clustering of station data, thus facilitating the management and operation of power system operators.
By changing the weight coefficient to 0.4, 0.3, and 0.3 for the weight coefficients [image: image] , [image: image] and [image: image] in Eq. 5, the results of values of thresholds were also changed as shown in Figure 8
[image: Figure 8]FIGURE 8 | Electric vehicle charging loads and k values with different coefficients.
By reducing the weight of coefficient for the distance in the daily load curves, the values of the thresholds change a lot as shown in Figure 8. For the daily loads on the bus 1, the value of threshold increases more than ten times than the result in Figure 6. The average level of the thresholds in Figure 8 is larger than Figure 6. The factor of the distances with the coefficient [image: image] determines the general shape of the load curves. In this way, smaller value of [image: image] indicates that the value of threshold could be larger. The coefficient factors, [image: image], [image: image] , and [image: image] will take great effects on the clustering results with the same base daily load curves.
After adjusting the time intervals, the proposed clustering algorithm remains effective because the adjustment of time interval will not affect Eq. 5. However, due to the inherently larger computational load of hierarchical clustering algorithms, this may lead to a decrease in clustering speed. Nevertheless, this does not affect the results of the clustering. It is important to note that with changes in the time intervals, the number of the size of the load curves will increase. This may result in a change in the magnitude of the three weights in distance D, necessitating an adjustment of the weights.
When the resulting clusters differ from the typical cluster results (for example, as seen in the sixth graph in Figure 5), we consider this a potential direction of research for the future. The actual load of electric vehicle charging stations in reality may not closely follow a typical curve, and it could also be a combination of loads from multiple typical curves. Therefore, we believe that complex distributions constructed based on Poisson and mixed Gaussian distributions using other artificial intelligence algorithms could be used to fit the actual data. The accuracy of the fit can then be further determined through clustering algorithms.
This paper solely compares the application of the proposed method in the analysis of daily load profiles with different types of electric vehicle (EV) integration, without a comparison to other common clustering methods. This is because existing clustering methods in power systems are primarily based on the K-means algorithm, which requires the setting of initial cluster centroids based on empirical experience. In this study, with the variation of the K value, each new K effectively necessitates the redefinition of centroids, presenting a challenge in implementation. Other clustering algorithms are seldom used in power system research due to their individual characteristics and limitations.
6 CONCLUSION
A weight similarity definition that takes into account the shape of the load curve was proposed in this paper. It can distinguish curves with significant differences in load characteristics. Based on this, the impacts of three types of electric vehicle charging loads on the clustering results were studied. The results indicated that the daily load of the system buses with larger rated power load and smaller valley peak difference are more susceptible to the superposition of electric vehicle loads. At the same time, electric vehicle charging loads should be connected to suitable system buses due to the potential influence to power system. Considering this issue when make decisions on the location of electric vehicle charging loads can help the large-scale distribution network connected to electric vehicle charging station keep the characteristics of clustering. Thus, it is easier for power grid operators to plan and operate the power grid.
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