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Abstract

:

The critical importance of optimal substation placement intensifies as the world experiences sustained economic expansion and firmly pursues the decarbonization process. This paper develops an integrative approach to determining the optimal location for a new substation considering the evolving power framework. To this end, a projected 2% national load growth is taken into account, in accordance with the foresight of the Romanian authorities, emphasizing the need to place new substations to enhance the grid’s sustainability. Leveraging the Weibull distribution, a dataset is generated to simulate the anticipated load increase, starting from real power datasets in Romania. Two algorithms are designed for optimal substation positioning: geometric (center-of-gravity-based) and machine learning (K-means clustering). The primary comparison criterion is the minimization of power losses during energy distribution. The results reveal the machine learning approach (i.e., K-means clustering) as the superior alternative, attaining a 60% success rate in minimizing the power losses. However, acknowledging computational constraints, the concurrent utilization of both algorithms is advocated for optimal substation location selection, indicating a potential improvement in outcomes. This study emphasizes the critical need for advanced algorithms, stressing their role in mitigating power losses and optimizing energy utilization in response to evolving load patterns and sustainability goals.
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1. Introduction


1.1. General Considerations


As global economic growth continues to unfold across multiple fronts [1], the consequent surge in electricity demand [2] necessitates a strategic response to accommodate new users and the heightened consumption by existing entities.



This study takes into account the projected 2% increase in total electricity consumption for the year 2024, as forecasted by Romanian authoritative bodies [3], aiming to optimize the placement of new electrical substations within this evolving landscape. Moreover, legislative developments and incentives targeting prosumers represent potential catalysts for reconfiguring the entire electricity value chain—from production and transmission to distribution and consumption.



To comprehensively account for forthcoming developments, this study incorporates two distinct scenarios into its foundational assumptions. The first one is the Stated Policies Scenario (SPS) and the second one is the Announced Pledges Scenario (APS), as defined by the International Energy Agency (IEA). The trajectory of electricity demand within the SPS is projected to exhibit an annual growth rate of 2.4% throughout the remainder of the current decade, exceeding 30,600 terawatt-hours (TWh) by 2030. In the Alternate Pledges Scenario (APS), the pace of demand escalation is more accelerated, reaching approximately 31,750 TWh by 2030. These scenarios are detailed in Table 1 and serve as further proof of the 2% Year-to-Year conservative assumption in demand increase used as the founding hypothesis of this paper [4].



The need to establish new substations arises not only in response to escalating demand but also as a strategic lever to bolster grid resilience [5] and facilitate decarbonization processes. By addressing the evolving dynamics of electricity consumption, this research underscores that the development of new substations can serve as a pivotal element in mitigating the adverse effects of global warming and enhancing the sustainability of the electrical grid.



In addition, the world faces multiple environmental constraints, struggling to diminish or fully suppress the carbon dioxide (CO2) emissions released into the atmosphere [6]. This concept, when applied in the field of energy engineering, is closely linked to renewable energy sources, as well as a reduction in energy and power losses.




1.2. Literature Review of Optimal Substation Placement Algorithms


Following a comprehensive literature review, the following approaches developed for optimal substation placement problems emerge in the scientific community:




	
Based on Genetic Algorithms—Reference [7] acknowledges the high importance of substation expansion planning in the context of power consumption augmentation within an uncertain framework. The method proposes a genetic algorithm employed to analyze the probabilistic placement and dimensions of the load points. The iterative approach finds at each step the location for the substation, considering the required investment cost while calculating the other necessary criteria using a mathematical model using occurrence probability. The performance of the proposed algorithm is investigated employing real data. In reference [8], the topic of selecting the best substation location between two similar candidate solutions is addressed. A comprehensive evaluation method including the Delphi method (for grading the two possible locations), the analytic hierarchy process (to evaluate the combined weights), Gray relations analysis and fuzzy integrated (to evaluate the candidate schemes) evaluation (DHGF) is proposed. Reference [9] proposes an Artificial Immune Systems algorithm with the goal of minimizing the overall planning costs. This algorithm tries to mimic the human immune system, as presented in [10]. Reference [11] introduces a long-term planning timeframe based on a pseudo-dynamic methodology. The load points are modeled using a fuzzy approach (including the associated uncertainty), while optimization is achieved through genetic algorithm implementation. The results are applied in several scenarios.



	
Using a Geographic Information System (GIS)—In reference [12], a multi-criteria decision approach is proposed, using a geographic information system. The authors identify the crucial criteria (such as environmental, social, administrative) underlying decision-makers’ preference for a particular location. The top two most important criteria are demonstrated to be the electric load density (with a weight of 44%) and the distance to the sub-transmission network (with a weight of 23%). Multi-criteria decision-making is applied also in substation maintenance problems, as demonstrated in [13]. Reference [14] further substantiates the idea of using geographical localization in order to determine the optimal position of a new substation. The authors focus on the minimization of the cost of land as the main optimization function and use a semi-supervised learning algorithm as the method for solving the problem. This type of approach offers solutions for highly urbanized locations where the cost of land is very high. Reference [15] proposes a multi-stage distribution substation expansion planning method. The objective function is defined as the remaining benefit after subtracting the costs. Technical constraints such as voltage drop, expansion and operation capacity are considered. This first stage provides a binary set of solutions, among which the best candidate is determined using a dynamic bacterial foraging algorithm. The efficacy of the method is proved in a real city. Reference [16] addresses simultaneously the problems of the sizing and positioning of the distributed generation and substations in order to achieve a resilient microgrid. The costs of investment, resiliency, emission and operations are taken into account for both the restrictions and the objective function. A line-flow-based model is employed for the test system. Then, a mixed-integer quadratically constrained optimization approach is defined and solved with a specialized global optimizer. Finally, the results are validated on a 24-bus test system.



	
Using Probabilistic Methods—Reference [17] introduces a probabilistic methodology to support network planning engineers in the selection of the most suitable locations for future substations. The locations of the load points (weighed depending on their size) underly the determination of the most probable load spread. Then, the outline with the highest likelihood of where the substation should be located is determined. The proposed solution is applied to a real test case, considering three bi-variate distribution functions (Gaussian, Weibull, and Freud exponential).









1.3. Paper Contributions


This paper is based on the fundamental assumptions derived from information pertaining to anticipated increases in the electrical load within Romania, as conveyed by Romanian regulatory bodies and the International Energy Agency (IEA). The principal contribution of this study lies in demonstrating that the challenge of identifying the optimal locations for new substations can be effectively addressed through the application of machine learning algorithms.



One of the objectives of this study is oriented towards the allocation of novel consumption points within the designated analysis area. This allocation is based on the utilization of the Weibull distribution, which determines both the locations and magnitudes of the anticipated load increases. By leveraging the flexibility of the Weibull distribution’s parameters, including shape and scale, we can simulate a wide range of potential load scenarios, fitting the expected behavior of economic entities with regard to the consumption points unfolding.



The central objective of this paper focuses on the development of two algorithms, namely geometrical-based and machine-learning-based algorithms, designed to ascertain the optimal positioning of new electrical substations capable of meeting the energy demands of the projected consumption points previously determined. The benchmark for comparison is defined by the minimal power loss incurred after the substation placement.



As highlighted by the literature review conducted in Section 1.2, the optimal placement of substations is a trending topic in the current technical and environmental scientific and practical context. Several approaches are applied to achieve an optimal solution; however, there is no consensus on this matter. This paper analyzes two possible methods (classical, geometrical approach and machine-learning-based algorithm) with the main goal of minimizing power losses in the studied network.



This paper’s importance is in mitigating power losses, which emerges as a key strategy in designing a more sustainable network, ultimately contributing to a reduction in carbon emissions.





2. Materials and Methods


This paper employs data sourced from the authoritative repository of the National Energy Regulatory Authority of Romania (ANRE). Synthesizing insights derived from ANRE’s documentation, which depicts the national electricity consumption as approaching 50 TWh [18], the analysis discerns a prospective escalation of 1000 MWh in electricity consumption. This quantum of energy equals an installed power (consumption) of 114 MW; however, for the purposes of a judiciously conservative hypothesis, a rounded figure of 100 MW is posited within the context of the paper.



The proposed algorithms are developed using Python 3.10.6 with the following libraries: NumPy 1.23.2 [19], pandas 1.4.3 [20], SciPy 1.9 [21], Matplotlib 3.5.3 [22] and scikit-learn 1.1.2 [23].



2.1. Consumption Points Allocation


The disseminated power is allocated across the geographic area of Romania, thereby requiring the establishment of discrete consumption points within this spatial domain. The quantification of these points is modeled as power (MW) and adheres to an asymmetric Weibull distribution according to the hypothesis proposed in this paper. This approach is designed as a conceptual framework mirroring the dynamics of real-world economic expansion, wherein small and dispersed consumption points are substantially more likely than the initiation of large-scale, energy-intensive projects. This distribution is characterized by a pronounced concentration of values around 1 MW, with the boundaries ranging from 0.1 to 8 MW [24]. The specified range of potential values is structured to simulate the statistically most probable medium-voltage (MV) loads envisaged to materialize in prospective scenarios. This assumption aligns with the intention of simulating prospective developments in a manner that captures the nuanced dynamics of power consumption. A graphical representation of the power consumption distribution for the proposed new consumption points is shown in Figure 1 for comprehensive visualization.



These consumption points are defined in a table containing the following information:




	
The name of the point of consumption;



	
Power consumed [MW];



	
Latitude coordinate;



	
Longitude coordinate.








Regarding energy losses, the following assumptions were used:




	
Nominal voltage: 20 kV;



	
The electric current for 1 MW and voltage U = 20 kV was calculated using Equation (1):










  I =   P   U   =   1   M W   20   k V   = 50   A  



(1)












	
Resistance of a 20 kV overhead line (R): 0.1 Ω/km;



	
The power loss was calculated with the assumptions regarding the power losses presented in Equation (2):










   P o w e r   L o s s e s = R ×   I   2   = 0.1   Ω   k m   ×   50   2       A   2   = 250   W   k m     



(2)







In order to be able to define the consumption areas, the transited power of the new substations is automatically generated using a uniform distribution with the usual values of a medium-voltage (MV) substation (between 4 and 25 MW), adding up to a total of 100 MW supplementary loads in the region.



A sample set of consumption points is presented in Table 2.



The definition of consumption areas is intricately governed by the power characteristics of electrical stations, as postulated within the stipulated assumptions, and is further influenced by the spatial distribution of the consumption points.



In pursuit of a simulation that closely follows real-world scenarios, due consideration is given to incorporating an inherent inequality into the transmitted power of newly established stations. Considering this uniformity as a basepoint is grounded in the practical occurrences observed in various instances, stemming from the disparate economic development across different regions of the country, as well as the non-uniform distribution of energy potential across the territorial expanse of Romania [25].



The algorithmic framework governing the assignment of consumption areas to individual consumption points is depicted in Figure 2, detailing the operational intricacies for a comprehensive understanding of the simulation process.



After the integration of this algorithm, all the consumption points are assigned to a consumption zone and a station that is to be part of this zone.




2.2. Algorithms for Determining the Optimal Position of a New Electrical Substation


The algorithms presented in this paper are fundamentally oriented toward the optimization of the power loss cost associated with establishing a new substation. This is achieved through judicious placement within a designated perimeter, with a concurrent focus on mitigating electrical losses.



The proposed algorithms are often more computationally efficient compared to genetic algorithms or probabilistic algorithms. Genetic algorithms typically involve a population-based search, which can become computationally expensive, especially for large datasets or high-dimensional spaces [26].



K-means and geometrical algorithms can be more robust to noise in the data compared to probabilistic algorithms. Probabilistic algorithms may assign uncertain probabilities to each potential location, which can be problematic if the data contain outliers or noise [27].



K-means and geometrical algorithms do not assume any specific distribution of data, making them more versatile in handling various types of data distributions. Genetic algorithms or probabilistic algorithms may require specific assumptions about the distribution of the data or the relationships between variables.



While genetic algorithms, probabilistic algorithms and GIS algorithms certainly have their merits and can be powerful tools in certain optimization scenarios, the choice of algorithm ultimately depends on the specific requirements and constraints of the problem, as well as the desired balance between accuracy, efficiency, interpretability and ease of implementation. For this paper, the simplicity, efficiency and interpretability offered by the K-means and geometrical algorithms make them highly preferable choices for optimizing the location of a new electrical substation.



2.2.1. Geometrical Algorithm


This algorithm is founded upon the minimization of power losses through the strategic placement of stations at the “centers of gravity” [28] of the consumed power area. The geometric algorithm relies on a geometric calculation to determine the optimal substation locations. It calculates the power losses based on the distances between the substations and individual consumption points in the cluster. The operational mechanism of the algorithm for this case study is delineated as follows:




	
Initialization—The algorithm initiates an empty result list with the objective of establishing a storage environment.



	
Loss Calculation for Each Potential Substation Location within the Analysis Zone—For every location of the electrical substation, the power losses are computed based on the distances between the station and the consumption points. Given the utilization of coordinates, an initial computation is conducted to determine the necessary lengths for overhead power lines (direct route).



	
Optimal Substation Position Selection Based on Minimum Losses—For each consumption zone, the substation position yielding the least energy losses is identified.



	
Recalculation of Steps 1 and 2 for the Remaining Analysis Zones—The computation persists until every consumption zone is serviced by a substation.








These steps are presented in Figure 3:



The geometrical algorithm is based on using Euclidean distances to quantify the spatial separation between the stations and consumption points. This distance metric is commonly used in geometric calculations and can provide a precise measure of the distance between two points in a multidimensional space. The Euclidean distance formula calculates the straight-line distance between two points in a Euclidean space, which is often represented as a Cartesian coordinate system. For two points   (   x   1   ,     y   1   )   and   (   x   2   ,     y   2   )   in a two-dimensional space, the Euclidean distance   d   between them is given by the following formula [29]:


  d =    (   x   2   −   x   1   )   2   +   (   y   2   −   y   1   )   2     



(3)







By exhaustively iterating through all the potential substation locations within each cluster, the algorithm computes the Euclidean distances between each load and candidate substation using the distance formula. These distances serve as inputs for the power loss calculations.



The Objective Function: Minimizing the total distance   D   between the potential substation locations   S   and all the consumption points     C  :


  m i n i m i z e   D =   ∑  i = 1     N   S        ∑  j = 1     N   C        d   i j        



(4)




where:




	
    N   S    —number of potential substation locations



	
    N   C    —number of consumption points



	
    d   i j    —distance between substation location i and consumption point j








Constraints: The substation location S must adhere to the geographical limitations G (the geographical limits of Romania in this case).




2.2.2. Machine Learning Algorithm—K-Means Clustering


The K-means clustering algorithm [30] stands as one of the most widely employed methods for data clustering in data analysis and machine learning (ML). It was initially devised by Lloyd [31] in 1957 and has evolved into a fundamental technique for segmenting data into homogeneous groups. The primary objective of the K-means algorithm is to cluster data in such a way that objects within the same cluster exhibit similarity, while those in different clusters are maximally dissimilar.



The employed machine learning algorithm consists of K-means clustering. The operational rationale is expounded upon as follows:




	
Data Extraction for K-Means—Data pertaining to the locations of the consumption points are extracted and organized into a format suitable for the K-means algorithm.



	
Determination of the Optimal Number of Substations—The “elbow method” [32] is employed to ascertain the optimal number of stations required to minimize power losses. This method calculates the sum of the squared intra-zone distances for varying numbers of consumption zones until a diminishing reduction in losses is observed.



	
Determination of Substation Positions—The K-means algorithm is applied to ascertain the optimal positions of electric substations within the distribution network.



	
Power Loss Calculation for Each Positioned Station—The algorithm computes the energy losses associated with each strategically positioned electric station.








These steps are presented in Figure 4:



In this case, the following aspects are considered: Let   P   denote the total power losses in the distribution network, which we aim to minimize. This can be formulated as a combination of the objectives:




	(a)

	
Determination of the Optimal Number of Substations:









Minimize the sum of squared intra-zone distances for varying numbers of consumption zones until a diminishing reduction in losses is observed.


  P = f ( N )  



(5)




where N represents the number of substations, and f(N) represents the sum of the squared intra-zone distances as follows:


  f   N   = D     N   *     = D [   a r g m i n   N   D   N   ]  



(6)




where:


  D   N   =   ∑  i = 1   N      ∑  j = 1   M      d   i j   2        



(7)




where:




	
  M   is the total number of consumption points,



	
    d   i j     is the distance between the ith substation and the jth consumption point.













	(b)

	
Determination of Substation Positions:









We minimize the overall dissimilarity within each cluster formed by the K-means algorithm:


  m i n i m i z e   P = g (   S   1   ,     S   2   ,   … ,     S   N   )  



(8)




where     S   i     represents the position of the ith substation and   P   represents the dissimilarity metric within the clusters.



The dissimilarity metric within the clusters can be calculated as follows:


  g     S   1   ,     S   2   ,   … ,     S   N     =   ∑  k = 1   K      ∑  i = 1     n   k            p   i   −   m   k       2        



(9)




where:




	
  K  —total number of clusters,



	
    n   k    —number of points in cluster     C   k    ,



	
    p   i    —points in cluster     C   k    ,



	
    m   k    —centroid of cluster     C   k    .









2.2.3. Comparison Criterion


The comparative assessment criterion is based on the necessity of minimizing the power losses within the network. In accordance with the stipulations defined in Section 2.1, specifically with reference to the assumed power loss rate of 250 W/km, each algorithm within the study evaluates its corresponding power losses.



The determination of the superior algorithm is established based on its capacity to achieve the minimum power losses within each designated zone of interest. This stringent evaluation framework ensures that the selected algorithm excels in mitigating the power losses across the network, thereby contributing to the overall efficacy and efficiency of the electrical infrastructure under consideration. Hence, the best algorithm for each consumption zone is based on this criterion.



The comparison criterion is presented in the following equation:


  B e s t   a l g o r i t h m = min ⁡ ( P o w e r   l o s s e s − G e o m e t r i c   a l g o r i t h m ,   P o w e r   l o s s e s − M a c h i n e   L e a r n i n g   a l g o r i t h m )  



(10)










3. Results


In each consumption zone, losses were assessed through the application of two proposed methodologies. The variation in losses arising from substation placement using both the geometric algorithm and K-means clustering—the recommended algorithm for deployment due to its optimal performance within the specific consumption zone—was scrutinized. Additionally, the optimal geographic coordinates for the electric substation were determined. These outcomes are detailed in Table 3:



It is imperative to note that the consumption zones are sequentially defined and constrained by the power transmitted through the substations. Consequently, certain territories may be serviced by two or more consumption zones and their respective electric substations. Subsequently, an increase in the power transmitted from one of the substations in the area may be applied, resulting in the allocation of the consumption points to a single consumption zone.



It is observed that for the five analyzed consumption zones, the total consumption losses using the K-means algorithm are lower than those incurred using the geometric algorithm. Moreover, in 60% of cases, the most effective algorithm was identified as K-means. This underscores the utility of integrating ML algorithms into determining the optimal position of an electric substation. Nevertheless, the geometric algorithm proves suitable in 40% of cases, with its losses comparable to those of K-means. Therefore, it can be observed that if the computational power does not impose limitations on applying the algorithms, they can be run in parallel, and the best results using the comparison criterion can be used to determine the optimized location in case-by-case scenarios.



In Figure 5, a comprehensive comparison is presented in reference to the power loss distributions resulting from the geometric algorithm and the K-means algorithm across the various studied clusters. The stacked column representations depict the cumulative power loss observed from cluster 1 to cluster 5. Notably, a discernible trend emerges, wherein the K-means algorithm consistently exhibits a diminished cumulative power loss when juxtaposed with the geometric algorithm. Furthermore, the line graph elucidates the temporal evolution of the disparity in power loss, with positive values indicating the superior performance of the K-means algorithm over its geometric counterpart and, conversely, negative values suggesting the inverse.



Figure 6 depicts the geographical positioning of the consumption points, the optimal electric substations, and the boundaries of the corresponding consumption zones based on the proposed algorithms.



It can be observed that the consumption zones can intersect. This is to be expected due to the natural uneven growth of the load presented in the study. If a substation has reached its maximum capacity, an assumption of no additional development of the substation was considered. Thus, Zone 1 and Zone 4 in Figure 5 overlap, as well as Zone 2 and Zone 5.



The integration of this cartographic representation with the available natural and political demarcations serves to enhance our comprehension pertaining to the spatial allocation of the consumption points and substations. As shown in Figure 7, this combination provides a clear perspective relevant to the focus of this research.




4. Discussion


The problem of determining the optimal position of electric substations remains a constant in the context of the evolving power consumption anticipated by Romanian and international governmental entities. Developing efficient algorithms has the potential to significantly reduce the computation durations of techno-economic studies.



Both methods, exemplified in this work as a geometric algorithm (a classical approach) and the K-means algorithm (representing contemporary trends), offer substation placements that ensure minimized losses. This paper corroborates that when confronted with computational resource constraints, adopting machine learning algorithms yields commendable outcomes in the mitigation of power losses. In scenarios where such limitations are absent, the expansive array of potential algorithms aligns with achieving superior results, particularly in the context of multiple consumption zones.



K-means demonstrates the capability to deliver higher performance under the hypotheses employed in this study. If the use of only one algorithm is necessary (e.g., due to computational constraints), the adoption of the K-means algorithm is recommended among the two considered.



The hypotheses of the proposed research do not incorporate considerations regarding the suitability of the proposed locations for substation placement, such as potential conflicts with existing establishments. To address these constraints, additional analysis of the vicinity surrounding the proposed locations could be conducted, followed by the determination of alternative locations adjacent to the proposed ones, utilizing the objective functions outlined in this paper. Moreover, the possibility of utilizing the next best location determined in the study, or iteratively seeking subsequent suitable locations until an optimal site is identified, holds potential for enhancing the robustness and applicability of the proposed methodology. However, it is duly acknowledged that the integration of such considerations and iterative processes warrants further exploration and refinement.



This research substantiates the imperative of formulating proficient algorithms for strategically placing electrical substations within an area of interest, with a primary focus on minimizing power losses. Contemporary computational capabilities enable the execution of machine learning tasks at nominal costs, and the retraining of models no longer presents formidable challenges.



Thus, the main conclusions can be summarized as follows:




	
Problem Significance: Optimizing electric substation placement is crucial for meeting changing power consumption needs, as recognized by government bodies.



	
Efficient Algorithms: Using efficient algorithms reduces the computation time for studies, addressing resource constraints effectively.



	
Classical vs. Contemporary Approaches: Both the traditional geometric and modern K-means algorithms minimize power losses through substation placement, but the K-means alternative is superior.



	
Role of Machine Learning: Machine learning algorithms, especially with computational constraints, effectively reduce power losses and optimize substation placement.



	
Algorithm Performance: The K-means algorithm is recommended for its superior performance in single-algorithm scenarios.



	
Considerations for Substation Placement: Additional analysis and iterative refinement can enhance the algorithm robustness by considering location suitability.



	
Research Implications: Efficient algorithm formulation is key to strategically placing substations and minimizing power losses using modern computational capabilities.








Subsequent research endeavors ought to concentrate on augmenting the dataset with additional features during the exploratory data analysis phase. Furthermore, a comprehensive exploration of alternative algorithms is warranted to ascertain their influence on determining the optimal positioning of a new substation.



Future research initiatives should explore alternative machine learning algorithms beyond K-means, undertaking a comparative analysis of the power loss outcomes and associated computational expenditures. Moreover, the pursuit of an enhanced Feature Engineering approach, encompassing the introduction of novel features, holds potential for yielding superior results.
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Figure 1. Load distribution according to consumption points. 
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Figure 2. Logic schema for allocating consumption points for new electrical substations. 
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Figure 3. Logic schema for geometrical algorithm. 
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Figure 4. Logic schema for machine learning algorithm. 
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Figure 5. Power loss difference between results of the geometric algorithm and K-means algorithm. 
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Figure 6. The cartography of consumption points and proposed electric substations for the analyzed dataset. 
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Figure 7. Consumption points and proposed electric substations within Romanian borders. 
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Table 1. Expected electrical energy demand [TWh] of SPS and APS.
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Electrical Energy Demand [TWh]




	

	

	
SPS

	
APS




	
Region

	
2021

	
2030

	
2050

	
2030

	
2050






	
North America

	
4852

	
5266

	
6830

	
5544

	
8786




	
Central and South America

	
1097

	
1308

	
2168

	
1447

	
2940




	
Europe

	
3645

	
4182

	
5060

	
4639

	
6561




	
Africa

	
707

	
994

	
2041

	
1128

	
3355




	
Middle East

	
1064

	
1372

	
2430

	
1343

	
2878




	
Eurasia

	
1181

	
1291

	
1669

	
1280

	
1652




	
Asia Pacific

	
12,164

	
16,208

	
23,475

	
16,371

	
27,638




	
Total

	
24,710

	
30,621

	
43,673

	
31,752

	
53,810











 





Table 2. Example of consumption points.
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	Load Power [MW]
	Latitude [°]
	Longitude [°]





	1.49
	44.30
	29.10



	2.45
	47.51
	24.21



	1.00
	47.14
	28.09



	1.30
	44.85
	26.57



	1.11
	45.93
	23.08



	1.06
	45.72
	25.78



	1.15
	46.63
	28.58



	1.37
	47.25
	28.24



	1.46
	44.12
	25.00



	1.78
	43.83
	25.80



	…
	…
	…










 





Table 3. Comparative results for determining the optimal location of a power substation.
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Consumption Zone

	
Power Losses—

Geometric

	
Power Losses—

K-Means

	
Power Loss Difference 1

	
Best

Algorithm

	
Optimal Location Coordinates




	
[-]

	
[W]

	
[W]

	
[W]

	
[-]

	
[lat°, long°]






	
1

	
3277

	
3138

	
140

	
K-Means

	
(44.57, 26.04)




	
2

	
4321

	
4515

	
−194

	
Geometric

	
(47.43, 26.96)




	
3

	
4339

	
4240

	
99

	
K-Means

	
(44.97, 22.66)




	
4

	
3490

	
3345

	
145

	
K-Means

	
(45.30, 27.78)




	
5

	
2614

	
2700

	
−85

	
Geometric

	
(47.13, 23.01)




	
Total

	
18,043

	
17,938

	
105

	
K-Means

	
-








1 If the difference is positive, then the losses incurred using the geometric algorithm exceed those calculated using the K-means algorithm. Conversely, if the difference is negative, the opposite holds true.
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