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Abstract


The growing integration of renewable energy sources and the electrification of multiple sectors have heightened the need for optimized planning and operation of modern electrical distribution systems. A critical challenge for distribution network operators is enhancing the resilience and reliability of their grids by identifying effective solutions. One promising approach to achieving this is through the deployment of battery energy storage systems, which can rapidly inject power to mitigate the impacts of network disturbances or outages. This study investigates the use of advanced genetic algorithms as a practical methodology for the optimal siting of batteries in modern distribution networks. By incorporating historical data on demand and network failures, the algorithm generates statistical models that inform the optimization process. The model integrates both the technical and economic aspects of battery systems to identify locations that minimize reliability indices such as SAIDI and SAIFI, while also reducing investment costs. Tested on a real distribution system comprising 1837 nodes, the proposed approach demonstrates the ability of genetic optimization to deliver efficient solutions compared with traditional methods, providing a high likelihood of identifying strategic battery locations that respond to variable demand, system failures, and technical constraints.
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1. Introduction


1.1. Background and Motivation


The increasing penetration of distributed generation is placing greater stress on modern distribution grids compared with traditional systems. As a result, power distribution operators face the responsibility of ensuring that the energy supplied meets quality and reliability standards, which are typically assessed using key performance indices such as the System Average Interruption Frequency Index (SAIFI), the System Average Interruption Duration Index (SAIDI), and Energy Not Supplied (ENS) [1]. These indices not only reflect the operational efficiency of a distribution network but also indicate its ability to manage challenges such as outages and fluctuations. Reliability studies began in the 1930s, primarily focusing on the probabilistic methods used to assess capacity requirements in distribution circuits. In 1947, foundational concepts to quantify and improve reliability were introduced, including the Load Loss Method and Frequency and Duration Approach. Early contributions from Lyman [2], Loane and Watchorn [3], Seelye [4], and Calabrese [5] set the stage for the development of modern reliability analysis techniques, which remain relevant today. To enhance reliability and mitigate prolonged outages in distribution networks, operators have traditionally employed network reconfiguration strategies. This process involves modifying the topological structure of the network by altering the open–close status of sectionalizing and tie switches [6,7]. Network reconfiguration can be viewed as an optimization problem, which has been addressed through various optimization techniques, including mixed-integer programming [8,9], genetic algorithms [10,11], and particle swarm optimization [10,12].



In more recent years, energy storage systems, particularly Battery Energy Storage Systems (BESSs), have emerged as a promising solution to enhance the reliability of distribution networks. BESS integration helps address the challenges posed by renewable energy sources, which are often variable and dependent on environmental factors [13]. Studies such as [14,15] have explored the optimal siting and sizing of BESSs to improve reliability indices, such as SAIDI and MAIFI, in radial distribution networks. These studies employ various optimization techniques, including genetic algorithms and particle swarm optimization, to determine the most effective placement of storage systems.



However, despite the advancements made in integrating BESSs into distribution networks, the complexity of these networks and the uncertainty surrounding renewable energy production continue to present challenges. Probabilistic demand and failure models introduce variability and uncertainty, necessitating the use of optimization algorithms that can rapidly converge on optimal solutions [16]. Additionally, the optimization objective often has multiple local optima, making traditional optimization algorithms less effective. In such cases, genetic algorithms provide an ideal alternative due to their heuristic nature and ability to explore vast solution spaces.



Historically, reliability studies in power distribution systems have evolved significantly, from early methods based on probabilistic analysis to more sophisticated approaches incorporating time-domain concepts and computer simulations. Billinton and Allan’s seminal work in the 1980s and 1990s [17] marked a turning point, compiling various methods for improving service reliability in power transmission and distribution systems. With the advent of renewable energy sources and BESSs, these reliability studies have shifted toward addressing the challenges of integrating variable energy sources into the grid.



Several recent studies have explored the optimization of BESS placement in distribution networks. For example, the work in [18] presents a method for optimal BESS allocation using a multi-objective function that minimizes investment costs while satisfying system constraints. However, many of these studies, including [15], rely on standardized test networks, such as the IEEE 33-bus network [19], which may not fully capture the complexity of real-world distribution systems. Moreover, the optimization methods employed often focus on a single objective, such as minimizing costs or improving reliability, without considering the broader impact on overall system performance and resilience.




1.2. Contributions and Study Layout


This paper aims to address these gaps by proposing a comprehensive optimization approach for BESS placement in active distribution systems. The key contributions of this work include the following:




	
Development of an advanced genetic algorithm for optimizing the placement and sizing of BESS in real-world radial distribution networks without redundancy, with a focus on improving SAIDI, SAIFI, and ENS reliability indices.



	
Incorporation of multiple objective functions that consider both technical and economic constraints, enabling a more holistic approach to distribution network optimization.



	
Application of the proposed method to a large-scale real case study, demonstrating the practicality and efficiency of genetic algorithms in solving complex optimization problems in power distribution systems.








The remainder of this paper is organized as follows: Section 2 provides a detailed description of the optimization model and its components. Section 3 presents the case study and simulation results, while Section 4 discusses the implications of the findings. Finally, Section 5 offers concluding remarks and potential avenues for future research.





2. Challenges and Gaps in Recent Literature


2.1. Reliability Challenges in Modern Distribution Networks


With the growing integration of Distributed Energy Resources (DERs) and renewable energy sources, maintaining reliability in modern distribution networks has become increasingly challenging [20], where reliability is one of the main concerns for Distribution System Operators (DSOs) [21]. The variability of renewable energy sources such as solar and wind introduces fluctuations in power generation, which complicates the balance between supply and demand [22]. In addition, decentralized power generation requires new approaches to system coordination and control [23]. These shifts place pressure on distribution network operators to not only ensure system reliability but also comply with quality standards, assessed through indices like SAIDI, SAIFI, and ENS [1,18,24].



Traditional solutions, such as automatic reclosing protections and sectionalizing, become economically prohibitive when applied extensively across distribution networks, particularly in non-redundant radial systems [25]. These networks, often serving remote or rural areas, rely heavily on manual equipment, resulting in high travel times for maintenance and limited automation options [26]. Consequently, alternative approaches, including the deployment of energy storage systems, have gained attention as a means to enhance network reliability in a cost-effective manner [27].




2.2. Optimization Methods and Their Limitations


In recent years, optimization algorithms have been widely applied in various engineering challenges, including battery site selection and energy management in distribution systems. Genetic algorithms (GAs) stand out due to their adaptability and efficiency in solving complex, multi-variable optimization problems. Building upon this foundation, innovative hybrid methodologies have emerged to enhance the performance of traditional GAs. For instance, Kou et al. proposed an approach in [28] that integrates chaos theory and simulated annealing to overcome local optima challenges, showcasing the versatility of GA-based frameworks in handling spatial and temporal complexities in renewable energy systems. Similarly, He et al. demonstrated in [29] the potential of GAs in achieving energy efficiency through dynamic parameter adjustments. These studies underline the transformative potential of combining GAs with other optimization strategies to address the evolving demands of energy systems. Moreover, the exploration of bio-inspired algorithms continues to shape the future of optimization in energy management and beyond. Soni et al. introduced a Deep Artificial Immune System (DAIS) for intrusion detection in IoT ecosystems [30]. While this work primarily targets cybersecurity, it underscores the broader applicability of bio-inspired algorithms in solving intricate, data-driven challenges. The insights from such advancements inspire the development of hybrid and learning-enhanced optimization techniques for battery site selection in distribution systems.



Some optimization techniques have been proposed in recent years to address the reliability and efficiency challenges in distribution networks, focusing on network reconfiguration, DER integration, and BESS placement [31]. Methods such as mixed-integer programming, genetic algorithms (GAs), particle swarm optimization (PSO), and gray wolf optimization are commonly employed to address these challenges [8,10,20]. However, these techniques have limitations that affect their applicability and effectiveness in real-world scenarios.



For instance, mixed-integer programming can yield optimal solutions, but it may become computationally intensive when applied to large-scale distribution networks due to the exponential increase in possible configurations [32,33]. Heuristic methods like GAs and PSO provide feasible solutions in a reasonable time frame, but they are susceptible to local optima, which can limit their effectiveness in complex optimization landscapes [16]. Furthermore, while newer methods, such as the Jellyfish Search algorithm [34], offer promising results, they require further testing and validation to assess their robustness in practical applications.




2.3. Economic and Technical Constraints in BESS Placement


Despite advancements in BESS technology, high investment costs and economic feasibility remain significant obstacles to widespread deployment. Studies focusing on the optimal siting and sizing of BESSs typically use simplified network models, such as the IEEE 33-bus test network [15], which may not adequately represent the complexity and variability of real distribution systems. Additionally, multi-objective optimization approaches, such as those presented in [18], often focus on balancing reliability improvements and economic constraints. However, these approaches are frequently limited by a lack of comprehensive data on site-specific variables, which are crucial for accurate modeling of cost and performance impacts [35].



In real-world scenarios, optimal BESS placement must account for diverse factors, including load distribution, fault probabilities, and local demand profiles. The current literature often falls short in addressing these complex dynamics, relying instead on static models that do not capture the probabilistic nature of demand and failure events. This limitation suggests a need for advanced optimization frameworks that can integrate dynamic and probabilistic elements to provide more robust solutions.




2.4. Integration of Distributed Energy Resources and Regulatory Challenges


Integrating DERs, such as photovoltaic systems and small-scale wind turbines, into distribution networks presents additional challenges, particularly in regions with stringent regulatory requirements. For example, regulatory policies often dictate the operational standards and reliability indices that utility companies must meet, yet these standards may not be fully adapted to networks with high DER penetration [36]. Additionally, DERs bring variability to power flows, necessitating flexible and adaptive network configurations that traditional grid structures are not equipped to handle [37].



The concept of Virtual Power Plants (VPPs) has been explored as a solution to coordinate and aggregate DER assets, enabling their participation in energy markets [38,39,40,41]. However, studies have shown that VPP implementation requires sophisticated information and communication technologies for effective management vulnerable to cyberattacks [42], which can be costly and complex to integrate [43]. Furthermore, commercial VPP models, like those proposed in [44,45], are generally designed to maximize profits rather than to optimize network reliability, underscoring the need for VPP frameworks that balance commercial and technical objectives.




2.5. Research Gaps and Opportunities


Despite the growing body of research on reliability optimization and BESS integration in distribution networks, significant gaps remain. One major area that requires further exploration is the development of optimization frameworks that can adapt to the probabilistic nature of demand and renewable generation. Most current optimization techniques are designed for deterministic models, yet the real-time operational environment of power distribution systems is inherently uncertain [46]. Probabilistic methods and scenario-based approaches, while discussed in some studies, are not yet widely applied in practical optimization frameworks [47].



Moreover, regulatory challenges continue to limit the feasibility of DER and BESS integration [48], particularly in developing regions where regulatory policies may not support innovative grid structures or incentivize reliability improvements through BESSs or VPPs [44]. Addressing these regulatory barriers, possibly through policy reforms or incentives, could play a pivotal role in facilitating the transition to a more decentralized market and resilient energy landscape [49,50,51,52,53]. While recent literature has made strides in addressing the technical and economic challenges of reliability optimization in distribution networks, the complexities of real-world applications reveal several gaps [54,55]. These include the need for probabilistic optimization frameworks, consideration of diverse local variables in BESS placement [56,57,58], and regulatory support for DER integration. Addressing these gaps will require interdisciplinary collaboration, bridging technical innovations with policy and economic strategies to enable more resilient and efficient distribution networks for utility companies [21].





3. Methodology


The proposed methodology consists of the interaction of six interconnected models, five of which feed an optimization model. This optimization process mathematically represents the behavior of a radial distribution feeder under fault conditions, including the tripping of protective devices and the isolated restoration of loads through the connection of energy storage systems. Figure 1 illustrates the components of the methodology and the flow of information.



3.1. Network Model


The radial circuit consists of a main trunk with various branches and a finite number of buses with transformers, protections, and loads. The network model is the foundational component where the technical parameters of the physical elements composing the distribution network are input into a database to be able to run power flows. These parameters include line impedances and configurations, transformer ratings, and rated load powers, all of which are necessary for accurately representing the electrical characteristics of the network.



The network was modeled with pandapower® which is a combination of the data analysis library Pandas and the power systems solver Pypower. Pandapower standardizes the structures for the creation of the power system’s elements and specifies the necessary information to run analysis, such as power flow and optimal power flow calculation [59].



Figure 2 shows the input information employed to create the model. The information of the feeder is organized by elements: buses, lines, transformers, and protections, and it is employed to create libraries of typical standard models of transformers and lines. All the buses are created initially, then the branches such as protections, transformers, and lines are created using the standard models, and finally, the loads and the external grid are created.



Moreover, the model provides the information to perform simulations of network reconfigurations during fault conditions. When protection elements tripped due to faults, the model simulates the isolation of faulty segments and the restoration of service to healthy sections of the network. This was particularly critical when incorporating energy storage systems to support critical loads. The detailed modeling provided a comprehensive view of the network’s capacity to accommodate the placement of battery storage systems without compromising reliability.




3.2. Demand Model


This model generates random monthly hourly load curves for each load of the feeder based on the maximum recorded demand at the substation, its variance, and monthly peak behavior records. It is assumed that these records typically do not have a standard hourly frequency, and there are no trends in the daily measurement frequency. The algorithm to generate the new sample of the demand is detailed in Figure 3.



Initially, the data from the network operator are analyzed, and the maximum record of power demand is extracted, since it represents the maximum demand at the header of the feeder (box 1 in Figure 3). Afterward, the expected variation in the load is established based on the estimations of the network operator [61]. Subsequently, the upper and lower bounds for each load point are defined according to the maximum demand. In the cases studied, the lower bound was 40%, and the upper bound was 100% of the maximum demand (box 4 in Figure 3).



In this method, random demand cases are generated for each load, all having the same probability of occurring within the estimated limits for the peak hour of the circuit’s header load profile. Figure 3 shows this maximum demand profile as the multicolored column in box 6. Historical data are used to calculate the average power for each month, as illustrated in box 5 of the same figure. The power values for each hour will be less than or equal to the maximum load at the circuit header. Using the peak power value as a reference (1 p.u.), the average calculated profiles are scaled to this value to obtain a proportional multiplier factor for each hour in each month.



Finally, by projecting the randomly estimated maximum loads using the peak power value in box 6 and the hourly monthly multiplier factors in box 5, a matrix of synthetic random load-specific demand profiles proportional to the average calculated hourly measurements for each month is obtained. As shown in box 7 of Figure 3, each hour is completed with a multicolored column proportional to the hourly load profiles.




3.3. Failure Model


The failure model is based on a set of probability distribution functions (PDFs) for the yearly failure probability and duration, creating an annual failure matrix with specific hours and durations. Figure 4 details the different stages of the process to generate failure scenarios. Initially, the circuit is divided into zones according to the density and distribution of loads, with each zone having a different PDF. The average failure duration is based on the Monte Carlo Simulation Method for reliability studies of power distribution systems, which was used due to the sensitivity of failure data from the network operator. This method was applied to estimate the PDFs for each zone and their corresponding failure frequencies [62].



Each zone is defined by the percentage of loads along the circuit, as shown in Table 1. Protections are assigned based on the geographical distance from the head-end, using georeferenced load data and software to identify zones and their associated protections. Once the zones are established, failure elements are randomly selected based on the PDF for each zone, estimating the number of failures over a one-year period.



For each failure, the day and time are selected uniformly across the year, assuming that failures can occur on any day and at any hour with equal probability. After identifying the elements that fail, the duration of each failure is determined using uniform distributions, providing three matrices for each zone that indicate the protections that fail, the specific day and hour, and the duration of the outage. This process allows for the generation of synthetic failure scenarios across the entire distribution network.




3.4. Battery Energy Storage System Model


Our proposed methodology for BESS siting relies on technical, economic, and simulation aspects. The interaction of different variables in the BESS model is shown in Figure 5. Technically, the process starts with a simplified characterization of the system’s components, including batteries, inverters, and energy management systems.



From an economic perspective, a cost analysis is conducted, covering equipment acquisition, installation, and maintenance over time. The financial benefits from improved power supply reliability are also assessed. Simulation-wise, an algorithm and control strategies are developed to optimize BESS operation, focusing on ensuring reliability during islanded operation and integrating it with the previously explained network model.



3.4.1. BESS Technical Model


This model includes the technical parameters needed to supply sufficient energy and power during a random system failure. It accounts for the energy required (in kWh) to handle the disconnected load and the failure duration. The second parameter is the BESS power, referring to the required inverter and transformer equipment to meet power demands during the event. The model also allows flexibility by considering different BESS energy storage technologies.



As shown in Figure 5, inputs to the model include the maximum power of the disconnected area, disconnection time, and the selected technology for simulation. The system failure simulation uses the pandapower “Storage” element, focusing on a single node that supplies or absorbs power. Though time series functionality is unavailable, assumptions are made that the BESS will supply necessary energy during the maximum failure duration, making scale factors and State of Charge (SOC) predictable based on the failure and demand model.



To size the BESS, the base power supplied under normal circuit conditions is used. During a fault, the opening of a switch not only disconnects the load but also cuts off associated lines. These lines, which cause losses, increase the BESS’s power requirements, including boundary lines between the network and the isolated system. Two types of switching scenarios must be considered:




	
Upstream switch disconnection: When the switch is between a line upstream and a bus downstream, the upstream line will not be energized after the switch opens, so it does not contribute to the BESS power demand.



	
Downstream line connection: When the switch opens, the downstream line and bus must be accounted for, including line losses that the BESS will need to supply.








Thus, it is necessary to consider not just the power supplied during a failure but also the losses of boundary elements that connect the islanded system. First, the boundary between the network and the island is determined, and then the power losses of those boundary elements are calculated.



By knowing the base power supplied to the network and the total power during a fault, the difference yields the power supplied to the islanded system. This process is repeated for each failure event, capturing the required power and energy at all times.




3.4.2. BESS Economic Model


The economic model for the BESS relates the technical parameters of power, energy, and failure time to the investment costs per unit of power (  C P  ) and energy (  C e  ), based on technology, as well as the operation and maintenance costs (  C  U o p x   ) as shown in Table 2. The economic information is relevant for the analysis of the investment’s cost–benefit over the BESS’s lifespan, evaluating its attractiveness from both the investor’s and the client’s perspectives.





3.5. Geographic Model


The geographical model for the circuit aims to assess the physical space available at connection points to facilitate the installation of energy storage systems. It is primarily based on georeferenced data provided by the network operator and modeled in QGIS software Version 3.34.



The model evaluates four geographical criteria with varying percentages of importance, allowing for flexibility in selecting optimal connection points. These criteria include terrain elevation, road access, available space, location, and forest density:




	
Elevation (  R e  ) (30% weight): Projects in steep terrains may face high construction costs due to earthworks or slope reinforcement.



	
Road access (  R a  ) (20% weight): Proximity to primary or secondary roads is essential to reduce costs and time for construction permits.



	
Location (  R l  ) (10% weight): Urban or rural locations can affect land use permits, but these are generally solvable due to the project’s public utility nature.



	
Space availability (  R s  ) (10% weight): The availability of land around connection points is considered, with less densely populated areas being more favorable. This criterion is binary (1 or 0) and if the space availability is 0 then the project is unfeasible.



	
Forest density (  R f  ) (30% weight): Connection points in densely forested areas may face extensive environmental licensing procedures, making them less favorable. The areas with high forest density are generally located around the feeder, and these also compromise the feasibility of the project and thus are excluded from the feasible region.








The weights assigned to the geographical factors in this study reflect the practical challenges and complexities associated with project construction and implementation. Forested areas, for example, often require extensive permitting processes from government authorities, which can delay projects and introduce uncertainties. Likewise, terrains with steep inclinations pose engineering challenges, as they may require significant earthworks or be at risk of landslides, increasing both costs and construction timelines. These factors were weighted to account for their direct impact on the feasibility and reliability of the project. The methodology aligns with standard practices in project feasibility studies, emphasizing the importance of addressing construction difficulties and associated risks in decision-making processes.



Each criterion is normalized and subdivided for better decision-making within the optimization algorithm, as detailed in Table 3,   R s   and   R f   are binary criteria that define the feasibility of the connection points. The model uses polygons to overlay these criteria onto the circuit, enabling efficient identification of feasible connection points.




3.6. Optimization Model


The optimization problem is addressed using heuristic techniques, simplifying the complexity of calculating quality indices in the objective function of the problem. In this way, an intermediate step involves the use of a query function, which calculates the quality indices based on the candidate bus for installing a BESS. The goal is to improve service quality indices, considering economic variables in the event of a failure.



3.6.1. Objective Function


The proposed objective function is presented as a linear combination of the quality indices SAIDI, SAIFI, ENS, and the cost considering the first year of operation (Equation (1)). The variable of the objective function is implicit, as subscript i represents the bus in the model where the BESS is located and the domain of the function is the buses of the distribution system excluding low voltage due to limitations in power.


   min i   f  ( i )  = a ·  SAIDI i  + b ·   S A I F I  i  + c ·   E N S  i  + d ·   C T  i   



(1)




where a is the weight of the   S A I D I  , b is the weight of the   S A I F I  , c is the weight of the   E N S  , and d is the weight of the   C T  , which is the cost of the BESS.



The cost of the BESS (  C T  ) is composed of three parameters based on the power (  P B E S  S i   ) and energy (  E B E S  S i   ) of the circuit in failure. In Table 2, the costs associated with the BESS related to the energy storage technology (  C e  ) and the required power (  C P  ) for the part of the circuit that is in failure are defined. Additionally, the operation and maintenance cost (  C  U o p x   ) during the first year of study is included, based on the power (  P B E S  S i   ) resulting from the query function and the parameter values shown in Table 2.


    C T  i  =   P B E S S  i  ·  (  C P  +  C  U o p x   )  +   E B E S S  i  ·  C e   



(2)








3.6.2. Restrictions


There are two sets of restrictions: a set that corresponds to the regulations and a set of restrictions intrinsic to the system. Regarding the first set of restrictions, the regulation establishes a neutral incentive band based on the targets of the indicators, which are calculated on the basis of the indices of the previous evaluation period, with a reduction of 8% per year [63]:


  S A I D I _  M  i , t   =  ( 1 − 0.08 )  · S A I D I _  M  i , t − 1    



(3)






  S A I F I _  M  i , t   =  ( 1 − 0.08 )  · S A I F I _  M  i , t − 1    



(4)




where t is the evaluation period, and according to [63], a 5% indifference band is defined as


  1.005 · S A I D I _  M  i , t   ≥   S A I D I  i  ≥ 0.995 · S A I D I _  M  i , t    



(5)








   1.005 · S A I F I _  M  i , t   ≥   S A I F I  i  ≥ 0.995 · S A I F I _  M  i , t   .   



(6)





Considering that the upper limit of the neutral incentive band implies a deterioration in quality indices, results above this band are not taken into account, and lower values are used instead. This ensures that the obtained results have an impact on the reduction in quality indices:


    S A I D I   i , t   ≤ 0.995 ·  ( 1 − 0.08 )  ·   S A I D I   i , t − 1    



(7)






    S A I F I   i , t   ≤ 0.995 ·  ( 1 − 0.08 )  ·   S A I F I   i , t − 1   .  



(8)







In the second set of restrictions, there is a balance condition needed to create a stable island system, that is, the power of the BESS (    P B E S S   i , t    ) must be equal to the maximum demand at the bus where it is placed (  D e  m  M a x , i , t    ). This restriction is implicit in the query function, and it is imposed at the moment of the simulation of failure.


    D e m   M a x , i , t   =   P B E S S   i , t    



(9)







In addition, a restriction related to geographical risk is established according to the geographical model. The geographical risk parameter is calculated as the normalized sum of the criteria described in Section 3.5:


    R G  i  = e ·  R  e , i   + a ·  R  a , i   + s ·  R  s , i   + l ·  R  l , i   + f ·  R  f , i    



(10)




where e is the weight of the elevation risk factor, a is the weight of the road access factor, s is the weight of the slope factor, l is the weight of the location factor, and f is the weight of the forest-density factor. The restriction is then defined as


  R  G i  ≤ 1 ,  



(11)




since a geographical risk factor greater than one would imply a higher difficulty in constructing the necessary facilities, which impacts the project’s CAPEX and reduces investor interest.





3.7. Genetic Algorithm


The behavior of the data was analyzed to determine the best method for finding the optimal value, and a genetic algorithm was implemented to reduce the study time and find a more likely local optimal solution. The genetic algorithm was selected due to the nature of the optimization model, which includes stochastic variables and a multi-objective optimization function with an implicit variable. Furthermore, the gradient of the query function is unknown.



The implementation of the genetic algorithm consists of six stages: initial population, population evaluation, selection, crossover, mutation, and stopping criteria. Each of these stages has specific characteristics tailored to the optimization problem, as shown in Figure 6.



3.7.1. Initial Population


The initial population is generated based on the query function, which creates genomes by selecting one bus at a time. Each of these genomes consists of six dimensions,   f ( i )  ,   B i  ,   S A I D  I i   ,   S A I F  I i   ,   E N  S i   ,   C  T i   ,   R  G i   , with the genetic algorithm using the objective function   f ( i )   for its operations, while the rest of the dimensions are stored to show the content of the selected solution. By randomly selecting each bus   B i   in the system, a genome   G  j , x    is generated, where j is the row index of each chromosome and x the length index of the chromosome. This produces an initial population of j chromosomes with length x, based on the random selection of the bus   B i  .




3.7.2. Population Evaluation


This stage applies a fitness function, which is used to compare and rank the solutions provided by the chromosomes in the initial population. The fitness function consists of three steps: First, the genome with the maximum value (  M  G j   ) in the objective function of each chromosome is identified. Second, the distance (  D  j , x   ) from the maximum values   M  G j    to the remaining genomes of chromosome j is calculated. Finally, the distances are summed (  S  d j   ) for each chromosome, creating a vector of distance sums. The greater the sum of distances in each position of the vector   S  d j   , the more genomes with lower objective function values relative to each detected chromosome.



The purpose of the fitness function is to identify which chromosomes have more genomes with lower objective functions relative to each chromosome. By reorganizing the vector and population from highest to lowest, chromosomes with better chances of containing a genome with a lower result are prioritized. Chromosome survival depends on a threshold based on the maximum sum in the vector   S  d j   , reduced by 30% of its length. Thus, chromosome survival is linked to the simulated values and this rate.




3.7.3. Selection


The 30% survival rate was derived from trial and error simulations, showing that a survival rate between 10% and 30% significantly reduces simulation time without affecting the final result. However, increasing the survival rate beyond 30% does not impact the result but extends the simulation time considerably. At this stage, there might be only one chromosome that meets the survival criterion, which serves as the first stopping method for finding the best solution.




3.7.4. Crossover


The crossover stage uses the results from the previous evaluation and selection stages. With a selected population, crossover is performed using the midpoint method. Initially, it is determined whether the sample genomes form an even number; if not, a new space is created, and a random genome from the same chromosome is selected. If the population has an odd number of chromosomes, a random chromosome is duplicated. This creates a square population, and each chromosome is divided into equal parts.



An auxiliary index matrix (  C  m , j   ) is created, where m is the chromosome number, and j is the number of columns. Each row is assigned the index of the chromosome within the population (m). The auxiliary matrix indices are randomly crossed to obtain different indices in each row, avoiding incest within the same chromosome and ensuring crossover between different chromosomes.




3.7.5. Mutation


This stage consists of the selection of a random row and column in the crossover matrix and modifies it. Once the genome position to modify in the population is selected, a simulation of the query function is run, and the results are stored similarly to the process in the initial population stage.




3.7.6. Stopping Criteria


The algorithm stops based on two criteria: first, as mentioned in the evaluation stage, when the number of chromosomes is reduced to one; second, a limit of no more than 100 iterations per genetic algorithm execution is set.



Finally, the genetic algorithm provides a chromosome of j genomes. These multiple solutions are organized in descending order based on   f ( i )  , so the genome in the first position of the chromosome is the most likely optimal solution for the simulation.






4. Case Study


The real case study focuses on a radial circuit located in Colombia consisting of 1837 nodes at a voltage level of 13.2 kV, with 426 distributed loads, 140 km of lines divided into 1423 segments, 417 medium-to-low voltage transformers, and 119 switches. The maximum feeder load measured at the substation is 1.6 MW. Figure 7 presents the one-line diagram of the circuit.



This case includes a dataset of daily, monthly, and yearly head-end demand behaviors, though the data are low-resolution and lack regular frequency. Most of the protection elements consist of manually recoverable conventional distribution fuses, along with a head-end circuit breaker. The model comprises medium- and low-voltage residential, commercial, and industrial users. Table 4 provides a sample of the different power levels and customers associated with the model’s loads.



This model has the characteristic of convergence at maximum demand and is the only record obtained with reliable frequency. Therefore, the model is based on this state as a foundation for development.




5. Results and Analysis


Initially, the network model for the case study is created in pandapower, integrating the circuit parameters and the maximum load profile, as described in Section 3.1. The power flow was verified using the maximum demand records provided by the network operator as a baseline, where the power supplied by the grid is 1.6 MW at the head busbar, corresponding to a 20% loading of the substation.



5.1. Demand Modeling


The demand model was applied to the 426 load points of the real circuit presented in Section 4. A total of 100 simulations were performed, and it was found that for any load in the system, the load values fall within the estimated minimum and maximum recorded limits; however, some outliers were observed beyond these limits. Atypical data in the 100 daily simulations appear as illustrated in Figure 8, where most of the data generated have atypical values below 7%.



An important validation is the behavior of the power demand at the head-end of the circuit using the maximum monthly load profile. In this sense, the rate of change in the generated data is compared with the original data obtained from the network operator. Figure 9 shows a sample of this comparison, where it is noted that the maximum difference between the original data and generated data is 12%.



The average magnitude difference in the rate of change across 100 iterations is 0.039 p.u., while the most probable difference is 0.078 p.u., with a 27% chance of occurrence. In addition, the daily linear trend of the data is compared, as illustrated by the sample in Figure 10. It can be noted that there is an increasing trend in the daily demand that is captured by the simulated data.



Finally, another set of demand data is generated with 474 samples to compare it with the original data provided by the network operator. For the comparison, a random month is selected from the samples; in this case, we show the results from April in Table 5, where the average demand and the variance have 3.1% and 15% errors, respectively. This leads us to infer that the simulated data have more variability than the original data.




5.2. Failure Modeling


The geographical information of the case study circuit is contained in a QGIS model, and the definition of the zones according to Table 1 is superposed to the circuit model, as shown in Figure 11, where Zone 1 is represented in green, Zone 2 is in yellow, and Zone 3 is in red. Table 6 shows the distribution of load points (transformers) per zone.



Before simulating failures, protections are filtered to avoid redundant protections and rings leaving a completely radial circuit. Then, the failure model, as described in Section 3.3, is applied to the case study. The selections of the day and the hour of the failure are based on uniform distributions along the year and the day, and the selection of the time for failure repositioning is based on   U ( 2.266 , 2.435 )   [62]. Table 7 illustrates the failure scenarios for a year of simulation, where it is noted that Zone 3 has more occurrences given that this is farther from the point of connection.




5.3. Geographic Model


According to the model described in Section 3.5, the circuit is characterized using QGIS to superpose the forest polygon and include the geographical criteria. Figure 12a shows the polygons of the case study circuit, and the forest polygon is shown in Figure 12b. Consequently, using the polygons of the circuit, the geographical criteria are evaluated for each possible point of connection. Table 8 shows a sample of the geographical criteria for connection points in the case study circuit.




5.4. Estimation of Service Quality Indices


For analyzing the estimation of SAIDI, SAIFI, and ENS, a total of 100 simulations were conducted, applying the failure model through the query function and providing a reliable sample of the power quality indices. By applying a likelihood test to each dataset corresponding to a service quality index, a specific probability distribution was fitted. It was found that for the SAIDI most of the data are concentrated between 0.2228 and 1.0328 h, with additional data accumulated on the right with lower frequencies, as shown in Figure 13a.



For the SAIFI, the majority of the data are concentrated between 0.0954 and 0.4454 failures/client, with the rest of the data spread across higher values at different frequencies, as shown in Figure 13b. When analyzing the histogram of the ENS (Figure 13c), it is noted that the data are mostly concentrated between 0.0198 MWh and 0.6998 MWh.



The likelihood adjustment results for each data group indicate a similar type of probability distribution for the SAIDI and SAIFI indices. However, the ENS index follows a different distribution, as shown in Table 9. For the case study, SAIDI is the most affected index in the circuit due to operational fault cases, making it a primary target for improvement through the implementation of energy storage systems. On the other hand, while SAIFI and ENS show significant values, they are lower compared with SAIDI.




5.5. Optimal Placement of BESS


This section describes the application of the optimization model to the case study and discusses the implications of the results. Before applying the optimization model, the overall framework is tested by evaluating the objective function in every possible connection point in the circuit using a static demand pattern. The results are organized in decreasing order to identify and analyze the “brute-force” optimum. Figure 14 shows the results of the objective function for this experiment, where is evident that there are several connection points with similar objective function values and there is a lack of diversity in the results given the constant demand pattern.



Furthermore, Table 10 shows the buses with the lowest objective functions, where the optimal is located in bus 959 (CD10.3.021764). However, this does not mean that this solution presents the best reliability indices overall, because this only includes a particular demand pattern.



Another objective of this test is to verify the execution times of the model, which took approximately 2 h to run in 962 connection points. In the hypothetical scenario that the network operator decides to test every connection point, it is evident that the simulation would take an unpractical amount of time depending on the different scenarios that are required to be considered. This enforces the need for the implementation of the genetic algorithm to be able to evaluate diverse scenarios and choose a representative optimal solution in an acceptable time.



Subsequently, the model described in Section 3 is applied to the case study circuit. Considering previous research work using the IEEE 13-bus test feeder [64], a sample of 41% of the possible connection points is selected to evaluate them with the genetic algorithm, and 100 repetitions are performed. From the set of results, we analyze the results with repetitions to avoid graphical saturation and assume that insights gained can extend to non-repeating elements. The results of the sample-based optimization simulations are analyzed from two perspectives: the behavior of the obtained results and the most probable optimal outcome. First, the analysis of behavior aims to determine whether the results align with typical reliability studies. Second, the optimal result is examined to assess whether it delivers the expected benefit according to the optimization model.



The repeated elements are organized from smallest to largest; this arrangement allows for cumulative analysis of the differences in reliability indices with and without the energy storage system. Figure 15 shows the accumulated variations in SAIFI, SAIDI, ENS, and cost as they increase. The analysis of these variations confirms that an increase in cost is observed as quality indices improve. This relationship supports the expected trade-off between cost and reliability in the system.



Further analysis of the most frequently repeated buses in the optimization reveals ties between nodes, with one bar showing a slight majority, as shown in Table 11. This pattern allows for the identification of the most probable optimal outcomes and highlights variations in results for the same node.



The nodes exhibit varying objective function values, which reflect the probabilistic behavior of both the demand and fault models described in the methodology. This variability also introduces uncertainty due to the operational nature of the circuit. Overall, the results present 11 repeated connection points, with 7 showing two repetitions, 3 showing three repetitions, and 1 element with four repetitions. This suggests some level of uncertainty but consistent patterns across the simulations. When the weights in the objective function were changed, results were found at different buses, showing similar improvements in quality indices as cost increased. This effect is particularly noticeable when the cost is not heavily weighted, as it grows at a faster rate than the quality indices improve.



Regarding the most probable optimal result, an analysis was conducted on the outcomes with the highest repetition. Given the variations in evaluation parameters, we analyze the average of these results, allowing a data deviation of no more than 10%. This approach was applied to the variation in quality indices to estimate the average percentage of improvements found. In this way, the most probable optimal bus in this study, with balanced weighting factors in the objective function, is Bus 638, identified as CD10.4.035845. Although it does not achieve the minimal objective function result, this outcome aligns with the Pareto limit inherent to reliability problems. As shown in Table 11, Bus 991 provides a lower objective function result with fewer repetitions. However, compared with Bus 638, Bus 991 exhibits a higher geographical risk and lower quality indices. Given the symmetrical weighting, Bus 638 yields greater benefits at a different cost level. The inflection point in Figure 16, where cost trends shift, corresponds to this optimal result under symmetrical weighting.



This outcome requires in-depth analysis, as each bus is linked to multiple cut elements. The model incorporates the highest cost within the island area bounded by upstream protection. Consequently, the most remote island (interrupted by the furthest cut element) allows for the greatest quality index improvements at a reasonable cost. When analyzing cumulative quality index improvements—measuring the difference between baseline and energy-storage-enhanced cases, shown in Figure 17—it is noted that cost increases more significantly affect SAIDI and ENS indices, while SAIFI is less impacted. Reliability index improvements relative to baseline values are approximately 6% for SAIDI, 7% for SAIFI, and over 10% for ENS. The average results of buses with higher repetitions appear in Table 12, and deviations from baseline are in Table 13.



The results show that Bus 638, positioned far from the substation, lies in a densely populated area with significant load, posing potential challenges for restoration post-failure. A key challenge in such projects is securing private land agreements for equipment installation, as the resulting island is surrounded by private properties, as shown in Figure 18. However, mutual benefits for all parties involved could make this a technically and economically viable solution.




5.6. Costs of the BESS


The technical and economic model of the storage system demonstrated network convergence during island mode operation, based on the methodology outlined in Section 3.4. The initial investment costs and the first-year operation and maintenance costs were calculated and evaluated, as detailed in Section 3.4.2. Lithium-ion battery storage technology was selected for the simulation due to its projected long-term cost reductions and operational benefits. Considering transportation logistics and the limited infrastructure for installation, this technology allows for deep discharges without damaging the storage cells, making it the optimal solution for the island-mode operation of circuits.



The most probable result is associated with Bus 638, which has a maximum simulated demand of 86.5 kWp and a maximum energy supply of 182.16 kWh during the most likely failure event, lasting approximately 2.36 h. Table 14 presents the cost results for the buses with the highest repetition. Notably, Bus 638 does not exhibit the lowest capital and operational costs, as the most economical location is Bus 991. This highlights that the alternatives provided by the genetic algorithm must be carefully evaluated by the network operator to make the best decision based on the algorithm’s insights and the network’s specific needs.





6. Conclusions


This study presented an advanced genetic algorithm as a practical methodology for optimal battery siting within power distribution networks. The algorithm is based on optimizing a multi-objective model, taking into account technical, economic, and environmental variables to improve SAIDI, SAIFI, and ENS reliability indices.



The proposed methodology was applied to a large-scale case study based on real data, demonstrating its practicality and efficiency. The demand model accurately simulates power demand, achieving a statistical alignment of 9% to 48% with hourly data, despite the low resolution of the input data. The model is adaptable to different distribution systems and resolution of power demand data; as more comprehensive power demand data become available, the accuracy of the power demand simulation will further improve.



In reliability modeling, the proposed failure prediction model—utilizing zone-based probability functions and circuit-specific parameters—demonstrates effectiveness, particularly in predicting higher failure rates in circuit segments distant from the feeder. This pattern highlights the critical impact of circuit length, load density, and protective devices on failure frequency.



From a cost–benefit perspective, the methodology reveals a critical inflection point where the incremental cost of energy storage investment significantly exceeds the improvement in reliability indices. This indicates a technical and economic viability threshold, beyond which complementary solutions like reclosers and responsive protection controls are recommended to further enhance reliability.



Reliability indices (SAIDI, SAIFI, ENS) showed notable improvements between 6% and 10% upon siting the battery at Bus 638 (CD10.4.035845), achieving substantial reliability gains relative to cost. This approach provides a valuable cost-effectiveness ratio per percentage improvement, supporting economic evaluations for projects that prioritize both quality and reliability.



Additionally, the optimization algorithm achieved a 75% reduction in processing time, from 120 to 30 min, based on simulations where all cases were evaluated with a constant demand pattern. This improvement emphasizes the algorithm’s efficiency in high-variability scenarios, enabling timely, reliable solutions for distribution operators and demonstrating the genetic algorithm’s capability to enhance processing efficiency and solution reliability in distribution system optimization.



Finally, the deployment of BESSs impacts the resilience of the network through their strategic placement in areas of higher vulnerability, thereby enhancing the systems’ ability to withstand and recover from adverse events. Future work will focus on quantifying the impact of BESS deployment on the resilience of distribution networks.
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Figure 1. General flowchart of the proposed methodology. 
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Figure 2. Input information needed to create the network model in pandapower. 
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Figure 3. Algorithm for creation of power demand profiles based on data provided by the network operator [60]. Description: (0) Data collection, (1) Data analysis, (2) Determination of demand bounds provided by the network operator, (3) Application of a uniform distribution, (4) Definition of demand bounds, (5) Calculation of the peak demand ratio for each month, (6) Generation of a synthetic load profile for maximum demand, (7) Generation of hourly demand profiles for each load. 
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Figure 4. Description of the process for generating failure scenarios based on PDFs: (0) Zoning, (1), (2), and (3) Generation of the number of faults for each zone, (4) Generation of failure days, (5) Generation of failure hours, (6) Generation of failure durations, (7) Consolidation of failure data. 
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Figure 5. Battery energy storage system model: it encompasses the technical and economic parameters of the BESS to integrate it in the optimization. 
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Figure 6. Flowchart for implementation of the genetic algorithm. 






Figure 6. Flowchart for implementation of the genetic algorithm.



[image: Energies 18 00109 g006]







[image: Energies 18 00109 g007] 





Figure 7. One-line diagram of the test case feeder. 
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Figure 8. Histogram of data generated for power demand. 
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Figure 9. Rate of change direction analysis. 
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Figure 10. Comparison of daily linear trends between original data and simulated demand. 
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Figure 11. Case study circuit zoning. Zone 1 in green, zone 2 in yellow and zone 3 in blue. 
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Figure 12. Criteria superposition. Blue and red dots represent load points in the network. (a) Real case study—network polygon in cyan. (b) Real case study—forest polygons in green. 
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Figure 13. Histograms and probability distribution fitting for reliability indices. 
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Figure 14. Evaluation of the objective function with constant power demand pattern in every connection bus of the circuit. Green dots represent the results of the objective function and the red triangle represents the overall minimum objective function. 
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Figure 15. Accumulated variation in indices and cost in connection buses with the highest repetitions. 
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Figure 16. Mean of genetic optimization results with the highest repetitions. 
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Figure 17. Mean variations in genetic optimization results with the highest repetitions. 






Figure 17. Mean variations in genetic optimization results with the highest repetitions.



[image: Energies 18 00109 g017]







[image: Energies 18 00109 g018] 





Figure 18. Resulting bus of optimal siting and first-level island. Red and green dots represent load points in the network. 
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Table 1. Parameters of the PDFs for the failure model.
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	Zone
	Portion of Loads
	PDF
	Parameter 1
	Parameter 2





	1
	67%
	Uniform
	4.978
	8.280



	2
	19%
	Gamma
	27.82
	0.335



	3
	14%
	Uniform
	11.41
	15.17










 





Table 2. BESS costs by unit of power and energy.






Table 2. BESS costs by unit of power and energy.





	Technology
	   C P    [USD/kW]
	   C e    [USD/kWh]
	   C Uopx    [USD/kW/Year]





	Lead Acid
	300–600
	170–240
	24.1–56.5



	NaS
	350–1000
	240–500
	25.7–46.7



	ZnBr
	400–700
	170–500
	38.8–55.9



	Vanadium Redox
	400–600
	310–520
	32.2–56.4



	Litio
	400–1200
	500–1500
	25










 





Table 3. Description of criteria and factors for the geographic model.
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Criterion

	
Subcriterion

	
Type

	
Normalized Factor






	
   R e   

	
0–5% slope

	
1

	
0.25




	
5–10% slope

	
2

	
0.5




	
10–20% slope

	
3

	
0.75




	
>20% slope

	
4

	
1




	
   R a   

	
No road available

	
N

	
1




	
Primary road

	
P

	
0.7




	
Secondary road

	
S

	
0.5




	
   R l   

	
Urban

	
U

	
1




	
Rural

	
R

	
0.5











 





Table 4. Sample of loads from the 1837-bus case study.
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	Name
	Node
	P (kW)
	Q (kVAR)
	Clients





	CargaBT101111
	BRBT353541
	17.84288
	−0.90572
	3



	CargaBT101112
	BRBT353551
	17.84288
	−0.90572
	2



	CargaBT101430
	BRBT353571
	2.97381
	−0.15095
	1



	CargaBTE14217
	BRBT335081
	8.92144
	−0.45286
	36



	CargaBTE14235
	BRBT335011
	22.60098
	−1.14724
	66



	CargaBTE14266
	BRBT334841
	8.92144
	−0.45286
	40



	CargaBTE14274
	BRBT432861
	26.76432
	−1.35857
	1



	CargaBTE14279
	BRBT382571
	8.92144
	−0.45286
	40



	CargaBTE14304
	BRBT334871
	8.92144
	−0.45286
	32



	Carga100062
	BRBT424551
	5.06839
	−0.25727
	2



	Carga100227
	BRBT424881
	0.36017
	−0.01828
	2



	Carga100228
	BRBT348301
	2.48671
	−0.12623
	1



	Carga100231
	BRBT353721
	5.42412
	−0.27533
	1



	Carga100567
	BRBT424741
	3.52799
	−0.17908
	27



	Carga100568
	BRBT424731
	3.09939
	−0.15733
	9










 





Table 5. Statistical comparison of original and simulated demand data.






Table 5. Statistical comparison of original and simulated demand data.





	Data
	Average
	Variance





	Original
	0.65116
	0.01735



	Simulated
	0.67116
	0.02003



	Error
	3.1%
	15.4%










 





Table 6. Distribution of load points per zone.






Table 6. Distribution of load points per zone.





	Zone
	Occupation
	Transformers





	Total
	100%
	426



	1
	67%
	284



	2
	19%
	83



	3
	14%
	59










 





Table 7. Failure simulation for the case study.
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	Zone
	Protection
	Day
	Hour
	Restoration Time





	1
	ES6974
	29
	7
	2.415



	1
	ES3164
	45
	3
	2.276



	1
	RC2198
	72
	8
	2.306



	1
	RC2160
	169
	6
	2.410



	1
	ES3177
	179
	22
	2.361



	1
	ES2746
	210
	19
	2.380



	1
	ES2744
	260
	10
	2.322



	2
	ES3128
	33
	12
	2.418



	2
	ES3124-A
	72
	19
	2.318



	2
	ES3129
	319
	9
	2.403



	2
	ES51893
	321
	10
	2.417



	2
	ES52072
	354
	15
	2.340



	2
	ES3127
	360
	15
	2.327



	3
	ES11054
	10
	3
	2.371



	3
	ES51881
	14
	5
	2.327



	3
	ES50649
	75
	13
	2.269



	3
	ES3126
	89
	10
	2.411



	3
	ES3179
	112
	4
	2.317



	3
	S28840
	178
	16
	2.333



	3
	S3180
	220
	16
	2.318



	3
	ES51247
	249
	17
	2.272



	3
	ES51246
	261
	10
	2.316



	3
	ES51248
	265
	20
	2.394










 





Table 8. Sample of case study buses geographical characterization.
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	Name
	    R e    
	    R r    
	    R l    
	    R s    
	    R f    





	CD10.4.036635
	1
	P
	U
	0
	0



	CD10.4.036637
	1
	P
	U
	0
	0



	CD10.4.036638
	1
	P
	U
	0
	0



	CD10.2.034955
	1
	S
	R
	0
	0



	CD10.4.032776
	1
	S
	R
	0
	0



	CD10.4.032777
	1
	S
	R
	0
	0



	CD10.4.032779
	1
	S
	R
	0
	0



	CD10.4.092156
	1
	S
	R
	0
	0



	CD10.3.024243
	3
	S
	R
	1
	0



	CD10.4.091654
	3
	S
	R
	1
	0



	CD10.2.038291
	2
	N
	R
	1
	0



	CD10.2.038310
	4
	N
	R
	1
	1



	CD10.2.038315
	4
	N
	R
	1
	0



	CD10.2.038316
	4
	N
	R
	1
	1



	CD10.3.024250
	4
	N
	R
	1
	0



	CD10.3.024253
	4
	N
	R
	1
	0










 





Table 9. Probability distribution of service quality indices.






Table 9. Probability distribution of service quality indices.





	Index
	Adjusted PDF
	Parameter 1
	Parameter 2





	SAIDI
	Inverse Gaussian
	0.4692
	0.2623



	SAIFI
	Inverse Gaussian
	0.1932
	0.1121



	ENS
	Pearson III
	0.7194
	0.8107










 





Table 10. Evaluation of the objective function.






Table 10. Evaluation of the objective function.





	Bus
	Name
	f (i)
	SAIDI
	SAIFI
	ENS
	    CT i    
	    RG i    





	959
	CD10.2.037375
	0.831
	0.374
	0.159
	0.36
	2.431
	0.3



	886
	CD10.2.035004
	0.853
	0.49
	0.208
	0.282
	2.431
	0.35



	97
	BRBT348211
	0.878
	0.365
	0.154
	0.415
	2.579
	0.45



	933
	CD10.2.037349
	0.91
	0.537
	0.227
	0.446
	2.431
	0.3



	695
	BRBT382281
	0.91
	0.537
	0.227
	0.446
	2.431
	0.182










 





Table 11. Genetic optimization repeated results.






Table 11. Genetic optimization repeated results.





	Bus
	Name
	f (i)
	SAIDI
	SAIFI
	ENS
	    CT i    
	    RG i    





	992
	CD10.2.034981
	0.154530
	0.267390
	0.113280
	0.226820
	0.010620
	0.366000



	992
	CD10.2.034981
	0.154530
	0.267390
	0.113280
	0.226820
	0.010620
	0.366000



	991
	CD10.4.034330
	0.154530
	0.267390
	0.113280
	0.226820
	0.010620
	0.300000



	991
	CD10.4.034330
	0.154530
	0.267390
	0.113280
	0.226820
	0.010620
	0.300000



	991
	CD10.4.034330
	0.155380
	0.268380
	0.113710
	0.228820
	0.010620
	0.300000



	859
	CD10.2.037350
	0.160230
	0.286300
	0.121520
	0.233120
	5.089910
	0.550000



	859
	CD10.2.037350
	0.161090
	0.287290
	0.121960
	0.235110
	5.089910
	0.550000



	846
	CD10.2.037413
	0.154760
	0.267270
	0.113280
	0.225610
	0.012900
	0.300000



	846
	CD10.2.037413
	0.808770
	0.433650
	0.186190
	0.477870
	2.137350
	0.300000



	846
	CD10.2.037413
	0.808770
	0.433650
	0.186190
	0.477870
	2.137350
	0.300000



	843
	CD10.3.014565
	0.811440
	0.434660
	0.186630
	0.487150
	2.137350
	0.416000



	843
	CD10.3.014565
	0.811440
	0.434660
	0.186630
	0.487150
	2.137350
	0.416000



	779
	CD10.2.035180
	0.153980
	0.265920
	0.113280
	0.227840
	0.008890
	0.350000



	779
	CD10.2.035180
	0.154830
	0.266910
	0.113710
	0.229830
	0.008890
	0.350000



	771
	CD10.4.032795
	0.867980
	0.566490
	0.243050
	0.525040
	2.137350
	0.300000



	771
	CD10.4.032795
	0.870660
	0.567500
	0.243480
	0.534320
	2.137350
	0.300000



	638
	CD10.4.035845
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	638
	CD10.4.035845
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	638
	CD10.4.035845
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	638
	CD10.4.035845
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	580
	CD10.4.035025
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	580
	CD10.4.035025
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	580
	CD10.4.035025
	1.018250
	0.973140
	0.420130
	0.542390
	2.137350
	0.182000



	378
	CD10.2.037846
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	378
	CD10.2.037846
	1.015570
	0.972130
	0.419700
	0.533110
	2.137350
	0.182000



	325
	CD10.2.037614
	0.162220
	0.196670
	0.083760
	0.050950
	0.317480
	0.182000



	325
	CD10.2.037614
	1.015570
	0.972130
	0.419700
	0.533110
	2.137350
	0.182000










 





Table 12. Average of genetic optimization results with the highest repetitions.






Table 12. Average of genetic optimization results with the highest repetitions.





	Bus
	f (i)
	    CT i    
	SAIDI
	SAIFI
	ENS
	# Repetitions





	991
	0.017201
	0.001180
	0.029747
	0.012602
	0.025276
	3



	638
	0.024032
	0.047035
	0.029137
	0.012409
	0.007549
	4



	580
	0.049729
	0.102678
	0.050610
	0.021765
	0.023863
	3



	846
	0.065641
	0.158800
	0.042021
	0.017988
	0.043754
	3










 





Table 13. Mean variations in genetic optimization results with the highest repetitions.






Table 13. Mean variations in genetic optimization results with the highest repetitions.





	Bus
	Δf (i)
	Δ    CT i    
	ΔSAIDI
	ΔSAIFI
	ΔENS





	991
	0.017201
	0.001180
	0.003001
	0.001302
	0.000699



	638
	0.024032
	0.047035
	0.164729
	0.072305
	0.331250



	580
	0.049729
	0.102678
	0.151973
	0.065522
	0.216654



	846
	0.065641
	0.158800
	0.217086
	0.092608
	0.124270










 





Table 14. Results of BESS cost for the case study.






Table 14. Results of BESS cost for the case study.





	Bus
	   C Uopx    [USD/Year]
	   C P    [USD]
	   C e    [USD]





	991
	69.150
	2212.808
	6295.609



	638
	2162.582
	69,202.649
	182,166.854



	846
	15,126.727
	484,055.287
	1,190,823.637



	580
	15,126.727
	484,055.287
	1,190,823.637
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