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Abstract

:

This research proposes an approach to estimate the number of different types of electric vehicles for a vast area or an entire country, which can be divided into a large number of small areas such as a subdistrict scale. The estimation methodology extensively utilizes the vehicle registration data in conjunction with Thailand’s so-called EV30@30 campaign and GIS-based road infrastructure data. To facilitate the analysis, square grids are built to form cells representing the number of electric vehicles in any specific area of interest. This estimated number of electric vehicles is further analyzed to determine the energy consumption, calculate the recommended number of public chargers, and visualize an increase in the substation loads from those charging stations. The effectiveness of the proposed methods is demonstrated using the whole area of Thailand, consisting of five regions with a total area of 513,120 km2. The results show that the trucks contribute the most energy consumption while taxis rely on a lot of public chargers. The total energy consumption is about 79.4 GWh per day. A total of 12,565 public fast chargers are needed across the country to properly support daily travel, around half of them being located in the metropolitan area.
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1. Introduction


The electric vehicle (EV) is one of the most efficient ways to address a variety of environmental issues, including air pollution and climate change. Furthermore, compared to a conventional car, the EV has higher energy efficiency and lower maintenance costs [1]. There are also many other advantages that can attract people’s interest. Many people, however, are still hesitant to acquire or convert their internal combustion engine vehicles (ICEVs) to EVs due to a lack of public charging stations [2]. Furthermore, investors are concerned that investing in public fast-charge points may not yield a desirable return if there are only a few users. The chicken and egg dilemma arose in the early stages of EV adoption, and Thailand [3], like many other countries, is experiencing this situation [4].



The EV fast charger is a costly piece of equipment with a low return on investment [5]. Because the overall utilization rate of EV chargers is projected to be low, installing too many of them may result in financial difficulty. Not only that, but if no energy storage system or charging management system is in place when too many chargers are utilized at the same time, the electric distribution systems nearby may be overburdened [6]. Therefore, estimating EV charging demand is an effective way for both the private sector and the government to deal with the aforementioned problem. A private company can use the estimation to plan how many chargers should be installed in their charging stations now and in the future. It is possible that the expense of upgrading would be higher than the cost of building the large one in the first place. Meanwhile, the government can use the estimation to make suitable decisions, such as determining how much budget is needed for various incentive programs or infrastructure development planning.



This paper proposed a methodology for grid-based spatial estimation that can accommodate a large or wide geographical area such as a country for the purpose of policy formulation and implementation of national-level charging infrastructure planning within limited data. We utilized car registration information as a key in the estimation while leveraging GIS data. The number of chargers was then obtained by calculating the charging demand and, as a result, the number of EVs in the area. Most importantly, to make the obtained results more practically useful in various applications, grids were created with fixed-sized square cells for small-scale spatial applications. The center position of each cell was used to represent the estimated number of EVs in small-size grids (grids with a size of 5 × 5 km2 across the country) to reduce computational power requirements.



The developed model covers all types of vehicles (e.g., motorcycles, buses, and trucks), considering driving behaviors and the likelihood of the need for public recharging. The methodology is demonstrated by a case study that considers the total number of EVs based on the Thailand EV30@30 plan, around 4.1 million units of every EV type combined. The estimation of the energy consumption of all types of EVs and the recommended number of public chargers in all five regions of Thailand is in accordance with electric power utilities’ service areas of Thailand (metropolitan, central, north, northeast, and south). Under the assumption that charging stations should be connected to the nearest substation, the Voronoi diagram was proposed to analyze the MW loading of electrical substations.



The proposed methodologies and the case study allowed the following key contributions to be reached for the proposed estimated number of EVs, corresponding energy consumption, and the recommended number of public chargers in each of the predefined subareas for the whole country of Thailand.




	
The number of EVs was estimated using the subdistrict-level vehicle registration information because it was the highest data resolution that we could acquire due to the constraint on data privacy regulation.



	
The road GIS data was utilized to provide more reasonable results for small-scale specific areas since the data would represent the actual vehicle usage, and the vehicle registration information itself could only provide the overall vehicle density for a vast area. Therefore, the estimated number of EVs based on the overall vehicle density alone would not be appropriate for some rugged or inaccessible areas such as forest and mountain areas.



	
Grids with fixed-sized square cells were created for small-scale spatial applications use in mind, making forecast results more practically useful in various works. Additionally, not only would it help policymakers to easily understand and visualize, but the flexibility in setting the grid size according to the specific application also reduced the unnecessary computational burden, particularly in large-scale implementation.



	
The estimation of energy consumption of EVs was determined by three factors: (1) the number of EVs, (2) the characteristics of EVs, and (3) the driving behavior of EV users. Each type of EV would have different details for each of the factors; for example, buses and trucks have significantly higher energy consumption rates and average daily mileage than others.



	
The probability of charging locations and plug-in time was also taken into account because it would affect the public charger demand. The personal EVs tend to be recharged in residential premises after work in the evening whereas, in EVs such as taxis, recharging can occur in charging stations at any time of the day.



	
Under the assumption that charging stations should be connected to the nearest substations, a Voronoi diagram was proposed to analyze the MW loading of each substation. Therefore, the application of Voronoi is very beneficial for the planning of electrical infrastructure reinforcement to support the mass deployment of EVs in the future.









2. Literature Review


The electrification of transportation can create energy savings while reducing carbon dioxide emissions [7]. On the other hand, the increasing EV penetration may put a burden on the electrical systems, especially the impact of fast-charging stations on distribution networks [8,9,10]. Therefore, there have been many research publications that come with various approaches to utilize the full benefit of EVs while mitigating the negative effects. Methods were introduced for increasing the potential of EVs as a resource [11,12,13], integrating with other systems such as renewable energy systems [14] or even gas storage systems [15]. The preparation to cope with high EV penetration in the future was suggested, such as optimization of allocation and size of charging stations [16,17,18], charging demand analysis [19,20], and charging management for reducing peak demand [21,22]. However, the parameters and the assumptions usually are location-specific and may not be suitably applied to others.



The geospatial analysis techniques have been widely used in infrastructure and location planning, including EV charging station planning [23]. The approaches were dependent on the purpose and acquirable data. Additionally, there are numerous types of data that can be utilized. For example, the population density data and the proportion of EV owners per population can be used together to compute the number of fast-charging stations [24], while the geographic information system (GIS) data can be used to determine the optimal location of those charging stations [25]. The geographic maps may also aid in charging load simulation since the charging profile varies according to the types of places [26]. More detailed information, such as the vehicle tracking data and the traffic in the various areas, will lead to more accurate forecasting results [27].



The user behaviors and the physical properties of EVs must be considered when analyzing the charging demand to obtain a more reliable estimation. It was shown in [28] that different initialization parameters could produce significantly different results. When focusing on the public charging demand, travel patterns are one of the driving behaviors that should be considered to predict how much energy is needed to support daily EV consumption [29,30,31], and the charging behavior is another key to inferring where the charging sessions will probably occur [31,32]. The usefulness of charging demand analysis is not only for infrastructure construction planning but also useful in resource management strategies as well [33].



The number of EVs has been recently increasing rapidly, while planning, policymaking, or taking action may require a lot of time. Therefore, a high accuracy estimation of the number of EVs and charging demand should be undertaken in the first place. A Monte Carlo simulation method with the target of EV penetration could provide those desired results while requiring massive input data [34]. The EV ownership prediction of each vehicle type was also used to improve the results instead of using just the rough overall EV penetration assumption [35]. It was claimed in [36] that the estimation should be undertaken in a small-scale area if it would be used in electrical power distribution system infrastructure construction and reinforcement planning (e.g., electrical substation) since the problem tended to occur at the low voltage system first when the penetration of EVs was high.



From all the articles reviewed, we discovered that, first, geospatial analysis has been focused primarily on applying to specific locations and is reliant on significant volumes of data. As a result, it may not be suitable for country-level applications where only a few data become accessible, especially at the beginning of EV adoption. Second, the studies were conducted in a specific location with a limited or small-sized area, preventing them from analyzing a vast geographical area and providing suitable strategic policy formulation in EV charging infrastructure. Third, the study results for EV user behaviors were area specific. Due to the granularity of the data and its contextual difference, this may not be appropriate to apply directly to other specific areas such as Thailand. Finally, the charging demand projection frequently used a certain analysis based on a single model of electric cars, despite the fact that all types of vehicles can contribute to energy consumption sharing for the purpose of integrated planning between the policy and electric sectors.




3. Grid-Based Electric Vehicles Estimation


The estimation of the future number of EVs can be considered a cornerstone for effective support planning, such as planning a reasonable amount of EV subsidies within a budget framework, planning to improve and develop electrical infrastructure to support charging EVs in various locations, determining support areas for investment in public EV charging stations that are not redundant, or even formulating various policies related to commercial and industrial sectors.



Estimating the number of EVs is generally possible based on statistical data on the number of different vehicle types; for example, the cumulative registration data of ICEVs along with the determination of penetration levels or the projection from the increase in yearly sales of EVs. Considering the difference in an area’s socio-economic characteristics or other factors, estimating the total number of EVs at the country level for infrastructure planning for supporting the EVs may not be suitable for actual localized uses due to the resolution and consistency of the dataset.



At present, Thailand is still in the early stages of the adoption of EVs in various sectors. Cumulative sales and registrations of new EVs are expected to increase rapidly over time in the coming years due to various government support policies that are gradually being released, especially with EVs such as sedans and motorcycles. In this regard, the government has clearly set a concrete target for the use of EVs according to the so-called EV30@30 target. This EV30@30 campaign sets a collective aspirational goal to reach 30% sales share for EVs by 2030 by supporting the market for various types of zero-emission vehicles (including battery-electric, plug-in hybrid, and fuel cell vehicles). In this campaign, it is expected to have EVs of around 5,400,000 units [37] and various supports in the automotive sector and EV charging infrastructure.



To obtain results useful for planning and an appropriate, effective scope of support, the estimation of the number of EVs must therefore be consistent with Thailand’s EV30@30 target. The key idea of estimating the number of EVs in each area will be considered from two main factors:




	
Target penetration is an overall goal for the number of EVs in the future. It can be either a fixed number of EVs or a percentage of penetration versus a cumulative number of vehicles, which is dependent on the target estimation scenario.



	
The cumulative number of vehicles in one particular area is a statistical data record of the number of different types of vehicles in that area since the estimation of the number of EVs is proportional to vehicles in that area while reflecting the features of those areas in different characteristics. Different areas have different types of vehicle usage; for example, rural areas or island areas may have a higher proportion of motorcycle use than cars compared to urban areas.








While a target number of EVs can be easily determined based on assumptions or a clear target scenario, the number of vehicles in a subarea in some areas of Thailand cannot be accurately determined due to the limit of data resolution. As an illustration, in the case of Ban Na Subdistrict in Tak province of Thailand, with an area size of approximately 2100 km2, there were only 95 sedans and pickup trucks in 2021. This number of vehicles is consistent with the mountainous terrain of the province, so it would be inappropriate to use the entire area of the subdistrict as representative of the future number of EVs, both in terms of driving and charging those EVs.



The proposed methodology starts with the estimation of the total numbers of each type of EVs in a whole scenario’s area by using the target numbers of EVs or overall penetration percentage in an area of interest with the vehicle registration statistical data. Given a predefined resolution (e.g., 5 × 5 km2), subareas can be created. Cells are generated to represent the subareas to facilitate calculation and analysis. The number of EVs will then be distributed across the subareas based on the EV density in each of the subareas and GIS data. Next, the charging energy consumption in the subareas will be estimated to obtain the power demand, a recommended number of public chargers for supporting extensive future usage of EVs, and the load increase that needs to be supplied from nearby substations. Finally, the Voronoi diagram is utilized to aid the substation’s load increasing estimation. Figure 1 depicts a summary of the steps taken to arrive at the final result and conclusion.



Because administrative areas may not properly represent the addresses of future EVs, we need to choose a different type of data instead, and there are many interesting types of data to serve this purpose, such as data on electricity consumption in each area, residential information of vehicle owners, building or infrastructure information. In this research, we chose road infrastructure GIS data because they can be considered the most reliable dataset, are easy to access, and have no concern for personal privacy information. In addition, the road infrastructure data can reflect the fact that where there are cars, there are roads. The GIS data we used in this research were obtained from OpenStreetMap, the editable crowdsourced geographic database. Therefore, to obtain a reasonable number of EVs, the projected number of EVs based on the subdistrict (considered as the smallest area unit) address of registries was matched to the road data. To begin with, the density of EVs in that area is first calculated using


  V R  D i  = E V  s i  ∕  (    ∑   j = 1    N r     L  i , j   ×  W  i , j    )   



(1)




where   V R  D i    is vehicle–road density of subdistrict  i ,   E V  s i    is the expected number of EVs in subdistrict  i ,    L  i , j     is the length of road  j  in subdistrict  i ,    W  i , j     is the weight of road  j  in subdistrict  i , and    N r    is the total number of roads in subdistrict  i . Each district has its own clearly distinguished roads. If any road crosses over different subdistricts, the road will be dissected into multiple road segments by the boundary of the associated subdistricts.



To be realistically consistent with the fact that major roads with more lanes tend to accommodate more vehicles compared to minor ones, each road line is assigned a different weight according to the OpenStreetMap-classified road type. For this purpose, the weights of motorways and trunk roads are 4, primary roads and secondary roads are 2, and tertiary roads and unclassified roads are 1.



In case any subdistricts do not have any connected main roads, for example, a subdistrict that is a small island, the density of EVs depends on its area size, as defined by


  V A  D i  = E V  s i  ∕  A i   



(2)




where   V A  D i    and    A i    are vehicle–area density of subdistrict  i  and area of subdistrict  i , respectively. This equation can also be used instead if only a quick overview estimation is required since it is not concerned with the topography or where the roads are located.



Because the size and the shape of areas classified by registration are completely different but connected, the expected estimation results should be collectively useful at country-level planning. Therefore, a square grid is created to produce multiple identical cells to represent a subarea for scalable purposes. The estimated number of EVs in each cell can be determined from


  E  V a  = E V R  S a  + E V N  S a   



(3)




where   E  V a    is the total estimated number of EVs in cell  a ,   E V R  S a    is the estimated number of EVs of subdistricts with road connection, and   E V N  S a    represents the subdistricts without road connection. Because it is possible that each cell may cover some parts of several subdistricts, some districts may contain several roads while some others may not (e.g., small islands). Therefore, those two mentioned parameters are separately calculated by


  E V R  S a  =   ∑   i = 1   N r  s a      ∑   j = 1   N  r  a , i     V R  D  a , i   ×  L  a , i , j   ×  W  a , i , j    



(4)






  E V N  S a  =   ∑   k = 1   N n  s a    V A  D  a , k   ×  A  a , k    



(5)







For those subdistricts with road connection in cell  a ,   V R  D  a , i     is vehicle–road density of subdistrict  i ,    L  a , i , j     is length of road  j  in subdistrict  i ,    W  a , i , j     is weight of road  j  in subdistrict  i ,   N r  s a    is total number of subdistricts with road connection, and   N  r  a , i     is total number of roads in subdistricts with road connection  i . In a similar manner, for those subdistricts without road connection in cell  a ,   V A  D  a , k     is vehicle–area density of subdistrict  k ,    A  a , k     is area of intersection between subdistrict  k  and cell  a , and lastly,   N n  s a    is total number of subdistricts without road connection.



This proposed approach to predicting the number of different types of electric vehicles in any specific area can be undertaken using a typical personal computer. Because the main calculation is in an iterative manner, the computing duration depends mainly on the size of the target area and how many roads stay inside. If the memory resource of the computing device becomes limited, we suggest that the estimation should be done at the possible smallest area, and the individual results are then combined.



Because the data may come from multiple sites and there are so many subdistricts, each of which also has a large number of roads and road segments, the following data pre-processing is recommended:




	
The vehicle registration information should be organized according to acquirable boundary GIS data as the vehicle registration information is easier to manipulate. Suppose the vehicle registration information is inconsistent with the boundary, such as in the case of new registration zoning. In that case, the total vehicles within the boundary could be reevaluated in such a way similar to the estimation of the number of EVs in the cells.



	
The road GIS data obtained from OpenStreetMap is country-level data. The road data should then be at least divided into province-level data. Removing the unassociated road data from the target estimation area can reduce the computation burden in the process of determining which roads are in the target area.



	
Only the road that crosses over the subdistrict boundary needs to be dissected into multiple road segments. The actual road is simply not a straight line, and consists of a lot of small straight roads. Instead of checking all of those small straight roads, the bounding box of road GIS data can be used by overlaying them with the subdistrict boundary to quickly determine which road is likely to cross over the subdistrict and needs to be dissected.









4. Charging Demand and Utilizing Method


4.1. Energy Consumption Estimation


It is well known that huge amounts of energy are used for transportation sectors. When ICEVs are replaced by EVs, a foreseeable increase in electricity consumption becomes inevitable. Therefore, understanding the rising electricity consumption will assist the work of planners and operators.



The concept of energy consumption estimation shown in Figure 2 involves the following relevant factors:




	
Number of EVs: of course, as more and more EVs are adopted, the demand for electric energy must also increase accordingly.



	
Characteristics of EVs: heavy-duty vehicles tend to have more energy consumption than light-duty ones [38]. Improving EV technology with high energy efficiency and low energy consumption rate will reduce the demand for electrical energy.



	
Driving behavior of EV users: driving style [39], heating, ventilation, air conditioning (HVAC) use [40], and vehicle loading may increase the energy consumption. However, the most influential variable that affects energy consumption is the distance traveled.



	
External factors: there are numerous factors that affect the energy consumption rate of EVs [41], including weather conditions, traffic jams, terrains, etc.








The daily energy consumption can be calculated mathematically given by


   E t  = E  V s  ×  D  a v g   ×  E  c o n    



(6)




where    E t    is total energy consumption,   E  V s    is number of EVs,    D  a v g     is average vehicle travel distance per day, and    E  c o n     is average vehicle energy consumption per distance. This total energy consumption is the key to the estimation of the total number of public chargers in the area.




4.2. Power Demand Estimation


While significantly reducing charging power demand is practically difficult, charging power demand becomes manageable through various strategies such as load shifting, load shaving, or renewable energy integration with energy storage. In order to be able to manage the peak power demand properly, understanding the load characteristics of different types of EV charging is important.



Figure 3 shows the concept of power demand estimation for battery recharging influenced by the following three factors:




	
Energy consumption: when there is high energy consumption for EVs, there must be a high-power demand to support such a daily energy use.



	
Energy management: uncontrolled charging can put a huge burden on the grid, even during off-peak times. If EV users coincidentally charge their EVs, especially when using faster chargers, this uncontrolled charging may result in a very high demand for electricity in a very short period of time. To mitigate this negative effect, energy management that integrates chargers with energy storage offers an attractive solution for peak demand reduction.



	
Charging behavior: each EV user has different driving purposes, which will result in different charging behaviors as well. For example, EV users rarely need to rely on public fast-charging services for daily short-distance commuting.








In general, the smaller the charging timeframes, the higher the average power demand. The recharging of personal EVs such as sedans, pickup trucks, and motorcycles normally takes place in the residence after work in the evening of the day. This daily behavior can encourage users to choose the TOU electricity tariff (in Thailand, the off-peak period runs from 10.00 p.m. to 09.00 a.m. on weekdays, excluding weekends and holidays) for cost minimization. However, EV charging sessions may take 6–8 h to fully charge with a slow charger [42]. Therefore, the charging time frame may end before the off-peak period ends.



Electric taxis and electric motorcycles taxis are primarily recharged by public stations at any time of the day. While taxis use fast-charging station services to increase their income potential, motorcycles are limited to slow charging due to their characteristics. With reference to Thailand’s current business model, charging electric buses mostly takes place inside garages during the night. Taking advantage of the TOU tariff is a viable solution for cost savings as their daily power demand and energy consumption is relatively high. Because electric trucks are not widely used in Thailand at present, it is unlikely that public charging stations will be installed exclusively for electric truck services. Therefore, we assume that there is a high probability that charging sessions of electric trucks will take place at any time of the day within the company’s garages or the distribution centers.




4.3. Recommended Number of Public Chargers


The adequacy of public chargers is one of the key factors in users’ decisions to switch from ICEVs to EVs. The Thai government has prioritized ensuring there will be enough public chargers by establishing policies and implementing various pilot projects to support the installation of charging stations adequately and extensively.



Because investing in charging stations is capital intensive and the charging station business usually requires a long payback period, if subsidy policies are improper and more than necessary, it not only affects the budget but also causes a burden on the electricity network. A public charging station with one fast charger can have a high-power requirement of hundreds of kilowatts.



There are several factors that need to be considered when investing in a charging station business, especially in terms of cost-effectiveness. The following factors are included in the model:




	
Charging demand: the number of chargers must be sufficient to support charging needs in public areas.



	
Charger power rating: the higher the power rating, the less charging time and, therefore, more services for EV users. However, the cost-effectiveness and the impact on the grid become issues that must be addressed for high-power charger installations.



	
Utilization: charging station investors would like to have a high utilization rate. If the utilization rate of the station is low, the likelihood of queuing for the service is reduced. Therefore, the determination of the utilization rate is subjective and depends primarily on the characteristic of the area.








The total number of chargers should be sufficient to ensure meeting the charging demand at peak hours [43]. Consequently, the recommended number of public chargers can be estimated using Equation (7) for the case where the power demand for each charging period has already been further analyzed (i.e., with behavior-based simulation) or Equation 8 for approximation if only energy consumption is known. Note that the utilization factor used in both equations does not need to be equal.


  P C =    P p     P c  × % u f    



(7)






  P C =    E p     P c  ×  t o  × % u f    



(8)




where   P C   is recommended number of public EV chargers,    P p    is peak power demand of the public charging station,     E p    is total energy consumption of the public charging station,    P c    is charging power of the EV charger,   % u f   is the utilization factor, and    t o    is the charging station service hours.




4.4. Substation Load Analysis with Voronoi Diagram


Thailand’s transportation sector has consumed around 35% of total final energy consumption [44]. If all vehicles are electrified, their total energy consumption tends to be higher than the residential sector’s energy consumption. It is inevitable that the local electrical infrastructure needs to be improved to support future EV usage. However, the load from EV charging is not rising too suddenly, and the utilities have time to prepare. Substation load analytics can provide support for the planning process.



Substation reinforcement planning can be achieved in numerous ways [45]. Substation capacity should be able to accommodate a high penetration of EVs in the future. Upgrading the existing ones or adding new ones are two possible options that can be chosen based on the associated costs. The former method may be less expensive than the latter, especially in densely populated areas where land prices are high [46]. However, because the power demand of the fast-charging station is enormous, constructing a new substation on a new site may provide a better option in the long run when considering the limitation on upgrading and the benefit from the distribution loss reduction.



Distribution line network data could be used in analytics, but it may take an excessive computation time since distribution systems are very complex. To simplify the process while the given results are still reasonable, the assumption that the loads will be supplied by their nearest substation is applied. While mathematical concepts such as the Euclidean geometry and the Manhattan distance [47,48] for grouping the loads with substations may be easily computed, the Voronoi diagram [49], a method utilizing the Euclidean plane in partitioning an area into regions or subareas in accordance with the nearest point, can be utilized to accelerate computations for a broader target optimization region. When the center of a cell represents the subarea, the charging demand will be clearly distributed to their nearest substation. For example, substation B in Figure 4 must support the charging demand of 18 subareas.





5. Results and Discussion


According to the registration information of EVs of the Department of Land Transport of Thailand, if considering only the types of vehicles that will be put forward for electrification according to Thailand’s EV30@30 target (passenger car, pickup truck, motorcycle, bus, and truck), we found that the motorcycle was most widely used in Thailand (52.18% of the total number of motor vehicles), followed by private cars with a size of no more than 7 seats (26.12%). The vehicle usage proportion of other vehicle types is shown in Figure 5.



Distribution systems in Thailand have been taken care of by the Metropolitan Electricity Authority (MEA) and Provincial Electricity Authority (PEA). MEA is responsible for providing power supply in Bangkok, Nonthaburi, and Samutprakarn. Thailand’s other 74 provinces are supplied by PEA. The electricity provision of PEA is separated into four regions according to the geography of Thailand, consisting of north, east, northeast, and south. Therefore, to facilitate our computation, we divided the whole country into a total of 5 areas according to the above-mentioned areas of responsibility.



From Figure 6, we can see that MEA’s service area, although considerably smaller than PEA’s, has the largest number of vehicles, and about half of all passenger cars have been registered in the area. Meanwhile, PEA’s service area tends to have a larger percentage of motorcyclists compared to passenger cars. More detail can be seen in Table 1.



As previously mentioned, according to Thailand’s EV30@30 campaign, it is anticipated that by 2030 Thailand will have a total of 5,410,000 EVs, comprising 2,050,000 electric passenger cars and pickup trucks, 3,200,000 motorcycles, and 160,000 buses and trucks. This research used this number of EVs in each category as the reference in the calculation.



The target number of EVs and the proportion of each vehicle type in each area were used to analyze the number of EVs in the future. In this research, a 5-km-wide grid was built across the whole of Thailand to define clear and easy-to-analyze subareas. The estimation of the number of EVs in each cell was then performed separately for each vehicle type, as each type of EV had a different purpose.



Take Nakhon Nayok province, which is located in Central PEA, as an example. We can see in Figure 7 that the area of Khao Yai National Park has a significantly low number of cars (all types of fuel) compared to its area size, while the farmland has some. As the western side of the province has the major road cut through it with residential areas along its side, the number of cars is higher. Of course, the center of the urban area has seen the greatest number of cars. The estimated number of EVs was found by multiplying by the EV penetration ratio based on the target scenario’s number of EVs and the total number of cars in the area. This same concept was applied to the whole country for all types of vehicles. The results of the number of EVs in each region are shown in Figure 8 and Figure 9.



Once the number of EVs of each type in each cell is known, the power demand in each cell could be predicted using different variables. It was reported that the energy consumption rate of electric sedans was around 150–200 Wh/km while the minivan and the pickup truck were around 250–300 Wh/km [50]. While the energy consumption rate of electric motorcycles was varied [38], the rate of 60 Wh/km was used in this case study. The electric bus had an energy consumption rate of as much as 1300 Wh/km [51]. The electric rigid truck (e.g., Volvo FL Electric model) had an energy consumption rate of 1000 Wh/km [52].



The assumptions for the energy consumption estimation are summarized in Table 2 where    D  a v g     is average vehicle travel distance per day and    E  c o n     is average vehicle energy consumption per distance. The result of the regional energy consumption estimation is summarized in Table 3.



We can observe that the total daily energy consumption generated by charging events of all types of EVs would reach 79.4 GWh per day. There is an interesting point that while MEA’s service area is significantly smaller than the other regions, the energy consumption can be comparable to the Central PEA’s service area, which is the region with the highest energy consumption. Meanwhile, the power demand from electric trucks is much higher than that of other EVs, although they are small in number (see Figure 5). Due to the high driving distance per day as well as having the second-highest energy consumption rate among different types of EVs, charging electric trucks often consume very high power in the hundreds of kilowatts. Therefore, a charging management system should be in place to minimize the impacts that may occur on the electrical system.



The obtained charging energy consumption estimation results can be fulfilled in various locations. For example, the estimation of the number of chargers for private areas such as homes does not have to be calculated based on charging demand. Because, in general, EV users already have chargers installed in their homes, it is not surprising to envisage that the number of such chargers will be close to the number of EVs. However, this is not the case for public chargers, where one charger can be deployed to serve dozens of EVs within a day. In this research, we focused on the recommended minimum number of 50 kW public fast chargers, a widely used standard power in Thailand, to support the charging of electric cars. We assumed that the probability of charging a private EV in the public charging station was 5%, which would result in a reduction in the energy consumption from private vehicles, while taxi charging sessions always took place at the public station, or in other words, the chance of charging taxis at public stations was 100% and charging session could occur throughout the day. The overall utilization rate of 11% [53] was used in this calculation.



The recommended numbers of fast public chargers in different regions are shown in Table 4, from which we can see that there should be a total of 12,565 chargers across the country. The service area of MEA occupies the largest number of chargers, and the taxi is very demanding for the public charging station compared to its number. These chargers should be installed evenly to provide coverage, primarily focusing on areas with high charging requirements.



The advantage of subarea charging demand estimation is that the results can be used for a wide range of applications. Figure 10a shows an example of the distribution of predicted public chargers across Nakhon Nayok province in 2030. A total of 111 public fast chargers with a total daily public charging energy demand of 14.37 MWh were distributed into cells based on the estimated total energy consumption of each cell.



Identifying the number of chargers in each subarea will enable government agencies to formulate appropriate policies to reduce redundant construction of unnecessary charging stations or be used in conjunction with subsidies to create public EV charging stations in areas not yet covered [54]. Meanwhile, the distribution system operators can use the simulation results in planning and reinforcement of transmission lines and substations to timely support public charging stations that often have high power requirements.



Figure 10b illustrates the use of the Voronoi diagram to indicate the extent of the substation’s serving subareas to nearby public fast chargers under the assumption that a public charging station is connected to the nearest substation. It can be observed that substation B is responsible for supplying power to 57 fast chargers or equivalently the maximum power demand of 2.85 MW, and this increasing power demand will be a top-up on the peak load of the current substation as the worst-case scenario. Therefore, this figure will be very useful for the distribution system operators to determine whether a reinforcement scheme is needed for substations in their service area.



Throughout the entire process, from the estimation of the number of EVs to the energy consumption analysis, the major advantage of this proposed approach is its flexibility while requiring minimum input data. To be concise, the vehicle registration information can be acquired from a government agency, and the geographic information can be accessed from open-source sites such as OpenStreetMap. This area-based concept can be adaptable to be used in any large target area. The value of the parameters can come from assumptions, research publications, or area-specific technical reports.



Therefore, this approach is suitable for countries or regions that are in the initial phase of EV adoption since the number of EVs is still quite low and the availability of EV usage data is very limited. Other factors such as population income can directly affect EV adoption, especially when the price of EVs is still higher than the price of ICEVs [55]. Those factors should be further investigated to improve the accuracy of the proposed model. As for the estimation of numbers of public chargers, it can be performed for country-level scenarios without manually selecting Point-of-Interest to suggest exactly where charging stations should be located. Therefore, the results can only be used for visualizing the public charger demand and cannot identify where the charging stations should be constructed.




6. Conclusions


This paper presented a comprehensive grid-based spatial estimation methodology applicable for a very large or wide geographical area with different EV types (e.g., passenger cars, motorcycles, and buses) with different usage characteristics. The integration of the registration data and GIS data played a major role in predicting the number of EVs based on a practical assumption that areas with dense road routes would have a large number of vehicles since the road infrastructure itself can represent which terrain EVs can be used on. Some rural areas, such as forests or mountains, do not even need a charging station since no road is connected. Because this estimation methodology is flexible and does not require much data, this work can be a practically useful tool for countries with limited resources that are initially adopting EVs.



The appropriate grid cells, as small as 5 × 5 km2, were created to represent the estimated number of EVs and could help reduce computational resources and facilitate further analysis. The increasing electricity consumption from EV charging was able to be further determined by the obtained estimated number of EVs. From the simulated results of the whole country of Thailand, we found that the total daily energy consumption is about 79.4 GWh. The metropolitan area needs a lot of energy to support daily EV usage even though its size is very small compared to the other regions, while the taxis heavily contributed to the public charging station demand. In addition, even though the estimated number of electric trucks was small, their daily energy consumption was much greater than all other types of EVs combined. If the transportation sectors were electrified, the government should find a coping strategy beforehand. Therefore, we strongly recommend that planning for the installation of an electric truck depot should be undertaken in such a way as to reduce potential impacts on the electric power network.



With this charging demand estimation result, the required number of public chargers sufficient to support the local electric car usage can be calculated. A total of 12,565 public fast chargers are required across the country, around half of which are needed to support the metropolitan area. This estimated number of public chargers will be useful in policy formulation, electric power utility planning, or investment decisions. This research also presented the application of the Voronoi diagram under the assumption that charging stations should be connected to the nearest substations to identify what load increase that substations would carry for EV penetration uptake in the future. The result of substation load estimation can be the fundamental information for allocating and sizing the optimal substation planning if a new substation is necessary. As for future applications, this proposed research work can be extended to combine the effect of socio-economic factors for more practical estimation results and integrate the GIS of electric power system data for better prioritization in power system reinforcement planning.
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Nomenclature




	   V R  D i    
	Vehicle–road density of subdistrict  i 



	   E V  s i    
	Expected number of EVs in subdistrict  i 



	    L  i , j     
	Length of road  j  in subdistrict  i 



	    W  i , j     
	Weight of road  j  in subdistrict  i 



	    N r    
	Total number of roads in subdistrict  i 



	   V A  D i    
	Vehicle–area density of subdistrict  i 



	    A i    
	Area of subdistrict  i 



	   E  V a    
	Total estimated number of EVs in cell  a 



	   E V R  S a    
	Estimated number of EVs of subdistricts with road connection in cell  a 



	   E V N  S a    
	Estimated number of EVs of subdistricts without road connection in cell  a 



	   V R  D  a , i     
	Vehicle–road density of subdistrict  i  within area of cell  a 



	    L  a , i , j     
	Length of road  j  in subdistrict  i  within area of cell  a 



	    W  a , i , j     
	Weight of road  j  in subdistrict  i  within area of cell  a 



	   N r  s a    
	Total number of subdistricts with road connection within area of cell  a 



	   N  r  a , i     
	Total number of roads in subdistricts with road connection  i  within area of cell  a 



	   V A  D  a , k     
	Vehicle–area density of subdistrict  k  within area of cell  a 



	    A  a , k     
	Intersect area of subdistrict  k  and cell  a 



	   N n  s a    
	Total number of subdistricts without road connection within area of cell  a 



	    E t    
	Total energy consumption



	   E  V s    
	Number of EVs



	    D  a v g     
	Average vehicle travel distance per day



	    E  c o n     
	Average vehicle energy consumption per distance



	   P C   
	Recommended number of public EV chargers



	    P p    
	Peak power demand of public charging station



	    E p    
	Total energy consumption of public charging station



	    P c    
	Charging power of EV charger



	   % u f   
	Utilization factor



	    t o    
	Charging station service hours
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Figure 1. Overview of proposed methodology. 
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Figure 2. Concept of energy consumption estimation. 
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Figure 3. Concept of power demand derivation. 
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Figure 4. Serving areas of substation A and substation B created by using the Voronoi diagram. 
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Figure 5. Percentage proportion of various vehicle types. 






Figure 5. Percentage proportion of various vehicle types.



[image: Energies 15 03859 g005]







[image: Energies 15 03859 g006 550] 





Figure 6. Number of vehicles of each type. 
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Figure 7. (a) Map of Nakhon Nayok, (b) number of registered passenger cars (≤7 seats) of each subdistrict, and (c) estimated number of electric passenger cars (≤7 seats) of each cell. 
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Figure 8. Heat maps representing the number of electric passenger cars (≤7 seats) in (a) Thailand, (b) Northern PEA, (c) Northeastern PEA, (d) Southern PEA, (e) Central PEA, and (f) MEA. 
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Figure 9. Heat maps representing the number of electric motorcycles in (a) Thailand, (b) Northern PEA, (c) Northeastern PEA, (d) Southern PEA, (e) Central PEA, and (f) MEA. 
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Figure 10. (a) Allocation of public fast chargers based on energy consumption and (b) public fast chargers grouped with substation A, substation B, and substation C by using the Voronoi diagram. 
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Table 1. Proportion of number of vehicles in each area.
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Vehicle Type

	
Proportion of Number of Vehicles (%)




	
MEA

	
Central PEA

	
North PEA

	
Northeast PEA

	
South PEA






	
Passenger car (≤7 seats)

	
47.73

	
12.84

	
13.58

	
14.06

	
11.79




	
Passenger car (>7 seats)

	
52.61

	
11.90

	
12.96

	
13.92

	
8.61




	
Pickup and van

	
21.68

	
16.95

	
21.36

	
25.13

	
14.88




	
Taxi

	
89.71

	
0.64

	
0.88

	
1.34

	
7.43




	
Motorcycle

	
18.85

	
18.78

	
21.57

	
23.41

	
17.39




	
Motorcycle taxi

	
66.35

	
22.36

	
2.95

	
2.15

	
6.19




	
Bus

	
30.57

	
20.27

	
12.63

	
15.88

	
20.65




	
Truck

	
17.35

	
27.52

	
17.83

	
24.94

	
12.35











[image: Table] 





Table 2. Parameters for energy consumption estimation.
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	Vehicle Type
	   D  a v g     (km)
	   E  c o n     (Wh/km)





	Passenger car (≤7 seats)
	50
	175



	Passenger car (>7 seats)
	50
	275



	Pickup and van
	50
	275



	Motorcycle
	20
	60



	Taxi
	300
	175



	Motorcycle taxi
	120
	60



	Bus
	60
	1300



	Truck
	360
	1000
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Table 3. Energy consumption for each vehicle type.
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Vehicle Type

	
Energy Consumption (GWh)




	
Overall

	
MEA

	
Central PEA

	
North PEA

	
Northeast PEA

	
South PEA






	
Passenger car (≤7 seats)

	
10.597

	
5.058

	
1.361

	
1.439

	
1.490

	
1.249




	
Passenger car (>7 seats)

	
0.674

	
0.355

	
0.080

	
0.087

	
0.094

	
0.058




	
Pickup and van

	
10.715

	
2.323

	
1.816

	
2.289

	
2.693

	
1.594




	
Motorcycle

	
3.812

	
0.719

	
0.716

	
0.822

	
0.893

	
0.663




	
Taxi

	
0.558

	
0.501

	
0.004

	
0.005

	
0.008

	
0.041




	
Motorcycle taxi

	
0.167

	
0.111

	
0.037

	
0.005

	
0.004

	
0.010




	
Bus

	
1.304

	
0.399

	
0.264

	
0.165

	
0.207

	
0.269




	
Truck

	
51.583

	
8.949

	
14.197

	
9.197

	
12.867

	
6.373




	
Total

	
79.409

	
18.412

	
18.475

	
14.010

	
18.254

	
10.259
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Table 4. Recommended number of public chargers.
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Vehicle Type

	
Number of Public Chargers (Unit)




	
Overall

	
MEA

	
Central PEA

	
North PEA

	
Northeast PEA

	
South PEA






	
Passenger car (≤7 seats)

	
4017

	
1916

	
516

	
546

	
565

	
474




	
Passenger car (>7 seats)

	
258

	
135

	
31

	
34

	
36

	
22




	
Pickup and van

	
4060

	
880

	
689

	
867

	
1020

	
604




	
Taxi

	
4230

	
3792

	
28

	
38

	
57

	
315




	
Total

	
12,565

	
6723

	
1264

	
1485

	
1678

	
1415
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