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Abstract

:

Electric moped scooter sharing services have recently experienced strong growth rates, particularly in Europe. Due to their compactness, environmental-friendliness and convenience, shared e-mopeds are suitable for helping to reduce the environmental impact of urban transport. However, its traffic-related, economic and environmental effects are merely represented in academic research. Therefore, this study investigates the ability of an e-moped sharing system to substitute passenger car trips, and the resulting economic and environmental effects. First, we model fleets of 2500, 10,000 and 50,000 shared e-mopeds in Berlin, based on a passenger car scenario generated by the multi-agent transport simulation framework MATSim. Afterwards, the total cost of ownership and a life cycle assessment are conducted. The results indicate that a substantial part of all passenger car trips in Berlin can be substituted. The larger the fleet, the more and longer trips are replaced. Simultaneously, the efficiency in terms of fleet utilization decreases. The scenario with 10,000 e-mopeds offers the lowest total distance-based costs for sharing operators, whereas a fleet consisting of 2500 vehicles exhibits the lowest environmental emissions per kilometer. Already with today’s grid mix, the use of shared e-mopeds results in a significant reduction in environmental impact compared to conventional and battery-electric passenger cars.
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1. Introduction


The German government has committed itself under international law to reduce greenhouse gas emissions in the transport sector by 40% to 42% by 2030, compared to 1990 [1]. To date, these emissions have stagnated [2]. Recently, new mobility concepts, such as shared mobility with battery electric vehicles (BEV), have emerged, indicating an environmentally friendly solution [3,4]. In contrast to privately owned cars, which are parked on average for 95% of their lifetime [5], the means of transport in a shared fleet can be accessed by multiple individuals on a short-term and as-needed basis [6]. The resulting advantages are higher utilization rates as well as production emissions and total costs of ownership spread among the users [7,8]. One of the shared vehicles utilized are electric moped scooters (e-mopeds), which have gained popularity in urban areas lately, particularly in Europe [9,10]. An e-moped requires a small parking space, causes low particulate matter emissions by abrasion and offers sufficient velocity and battery capacity to meet the average daily demand in mobility in Germany [11].



In contrast to the many contributions on other shared forms of transport, including car, electric scooter or bike sharing [12], only a few studies have been conducted on e-moped sharing services so far [10]. Some non-academic reports have described the concept, state of implementation and regulation schemes of these sharing systems [13,14,15,16]. First market reports were conducted in 2017 and 2018 by Howe [17,18], who have continued the report at a German e-moped manufacturer to date [9,19]. Two broad-based research projects have investigated the usage behavior and environmental impact of privately owned e-mopeds. Here, the focus of Hofmann et al. [20] lays on the technology and promotion measures, whereas the Austrian Energy Agency [21] carried out the total cost of ownership (TCO) compared to conventional motor scooters. However, to the best of our knowledge, only two academic studies on e-moped sharing systems have been done: Degele et al. [22] identified and clustered customer segments using data sets of a German e-moped sharing operator. Aguilera-García et al. [10] explored the key drivers to the adoption of e-moped sharing systems in Spanish urban areas based on an online survey. Considering the preceding academic literature regarding e-moped sharing, a lack of traffic-related, economic or environmental analyses can be identified. Being a mobility phenomenon with massive recent growth in traction in urban areas all over the world, its potential impact is highly uncertain. A transport simulation seems justified to better understand different outcomes on the urban landscape. As pointed out by Aguilera-García et al. [10], urban livability would benefit from e-moped sharing in the case that it substitutes motorized private transport. The more that research data are publicly available, the better that municipalities, urban planners and entrepreneurs are able to decide the role of e-moped sharing when moving urban mobility toward sustainability.



Consequently, this study investigates the ability of an e-moped sharing system to substitute passenger car transport in Berlin by developing a respective sharing simulation. Based on the generated data, it also provides holistic environmental and economic views through a cradle-to-grave life cycle impact for the fleet and a total cost analysis for a sharing operator.




2. Methodology


The baseline data originate from a scenario of the multi-agent transport simulation framework MATSim [23]. As indicated in Figure 1, it serves as input for the sharing simulation generating the traffic data of the shared e-moped fleet. The results are then used for the TCO and life cycle assessment (LCA).



2.1. Multi-Agent Transport Simulation


The MATSim Open Berlin Scenario provides the data for the sharing simulation [24]. It is a scenario for the Berlin metropolitan area, which is generated using the agent-based transport simulation framework MATSim. As an extendable, open-source software based on OpenStreetMap and demand, resulting from open data such as traffic census data or commuter statistics, it is spatially flexible and can be used to emulate the large-scale traffic behavior of city populations. The agents, resembling inhabitants, perform quotidian professional or leisure activities according to a personal plan. To reach these activities, the agents must select a transportation mode, such as car, public transport or bicycle. At the end of the day, the agents evaluate the score associated with their activity chain, which is generally increased the higher the duration spent at an activity. The score is diminished by transport depending on, inter alia, travel time, monetary costs and deviation from real-world traffic observations. After each daily run of plans, a certain share of agents is allowed to alter their plan in order to optimize their individual score. This process is iterated until a stochastic user equilibrium is reached [23,24]. In this study, the equilibrium state of version 5.3 of the 10% sample of the Open Berlin Scenario is used.




2.2. Sharing Simulation


Prior to the actual sharing simulation, the MATSim results are preprocessed and transformed into a link network and a trip plan database. In MATsim, a link resembles a street between two intersections. The link network database contains every link in Berlin and a respective list of reachable links for a selected distance. This list is used to check if an agent walks to a shared e-moped or if the distance to the vehicle’s location is considered to be too far. The trip plan consists of departures, turns and arrivals, representing all trips with departure or arrival within Berlin for the calculated day. As a last initializing step before the sharing simulation starts, the vehicles of the fleet have to be attached to their starting links. For randomization reasons, the vehicles are positioned based on the respective departure link of every third trip on that day. The decision model for the simulation is shown in Figure 2. The simulation process iterates over the trip plan consisting of chronological trips conducted on the day.



Each trip iteration contains the same steps: First, a parameter called the personal factor is checked. In general, this factor is set to 1, meaning that every iterated trip can be potentially substituted by an agent. This is explained in detail in Section 3.1. Second, the agent determines if an e-moped is available at the current link. If that is not the case, the links within the selected walking distance are checked for available mopeds. A vehicle is declared available when its arrival of a previous trip occurs before an agent checks for e-mopeds. This check precedes the actual departure time in MATSim. The time difference equals the duration that is necessary to approach and unlock/lock the e-moped. This mechanism is implemented to ensure that the agent arrives at the same time at the destination as in the original plan in which the passenger car is taken. In the next step, it is examined whether the e-moped battery capacity is sufficient for the upcoming journey, including a safety buffer. The safety buffer mirrors an agent’s concern to have slightly more battery capacity than needed for the trip. If the state of charge (SoC) of the battery is too low, the iteration for the trip is terminated here, and the next trip is analyzed. In the case that the battery capacity fulfills the trip requirements, the trip is successfully substituted, and variables, such as the e-moped time of availability, the SoC or current link, are updated accordingly. After each successful e-moped trip, the algorithm checks whether the battery capacity has fallen below a certain threshold, which signals that the battery must be swapped. In the case that the defined threshold is undercut, the e-moped is not available for trips for the duration that is set for the battery swapping procedure. After the battery swapping duration, the e-moped is declared available again. This process is repeated for every trip within 24 h of a simulation day. After the last trip has been analyzed, e-mopeds that were not used during the day are repositioned individually on links, according to the ranking of the demand heatmap. This heatmap lists all links with the highest total daily demand of trips in descending order. To offset potential outliers and create more realistic trip substitutions, the daily activities are reiterated and averaged over 250 consecutive days. The resulting trip information is then scaled to 100 percent to resemble all transport activities on an average weekday.




2.3. Total Cost of Ownership


To evaluate the economic impact for an e-moped sharing operator, a life cycle cost analysis in the form of total cost of ownership (TCO) is conducted, according to the approach in [25]. The cost components and their values are based on literature research, real sharing operator data and well-founded calculations, while the trip data used for the TCO are generated by the sharing simulation.




2.4. Life Cycle Assessment


For the assessment of the environmental footprint of an e-moped sharing system, a cradle-to-grave life cycle assessment (LCA) based on the generated traffic data from the simulation [26] is conducted. This type of LCA examines the impact on the environment of products and services, including resource extraction, production, use phase and disposal. The objective of the LCA in this study is to determine the environmental emissions directly caused by the e-moped fleet over the expected lifetime of a shared e-moped. Indirect emissions, for example, caused by warehouse activities or vehicles used for battery swapping are not integrated. For the reason of comparability, the functional unit is set to one kilometer driven by the fleet. We used ecoinvent 3.6. Cutoff Unit as the database [27,28]. The vehicle-specific parameters and the life cycle inventory data used for the LCA will be described in Section 3. According to Clémence Siret et al. [29], the impact categories global warming potential (GWP) and cumulative energy demand (CED) are the two most significant ones for electric vehicle batteries, contributing 32% and 26% of the total environmental impact [29]. For Temporelli et al. [30], the most used impact categories are the GWP, acidification potential (AP), eutrophication potential (EP) and the particulate matter formation potential (PMFP) [30]. Since the battery plays a crucial role for the LCA of BEV [30], the lifetime GWP, AP, EP, PMFP and CED are investigated. The impact assessment method for the CED is ‘Cumulative Energy Demand (LHV)’. The ‘ReCiPe 2016 Midpoint (H)’ is chosen for the calculation of the other mentioned impact factors [31]. In this method, the freshwater/marine EP and terrestrial AP are considered. The values of other impact indicators in this assessment method, such as photochemical ozone creation or stratospheric ozone depletion, are also determined but not discussed in this study. The details can be found in Tables S1–S4 in the Supplementary Materials and thus can be utilized in other use cases.





3. Case Study


In this section, the rationale for the substitution of passenger car traffic with an e-moped sharing system and its economic and environmental assessment are illustrated. Figure 3 presents the sensitivity analysis and the additional scenarios.



3.1. Sharing Simulation


To investigate the impact of the fleet size, three main scenarios with different numbers of shared e-mopeds are constructed. The base scenario with 2500 vehicles represents the approximate number of shared e-mopeds in Berlin at the end of 2019, according to Bath [32]. To map medium- and long-term plans and strategies in Berlin toward more sustainable urban development, a medium and maximum expansion scenario with 10,000 and 50,000 vehicles are considered [33,34].



The results from the MATSim Open Berlin Scenario originally comprise 36 h of an average weekday, starting at midnight. Weather conditions are not represented. To represent one day, it is cut to 24 h. Therefore, all activities by agents who conduct at least one transport activity after midnight are removed. The ratio of these trips compared to all trips considered in the scenarios is negligible with less than 0.3%. To serve as input for the TCO and the LCA, the traffic data generated by the respective fleet sizes must be transformed from a single weekday to annual data. The transformation is defined by integrating three factors. The first factor represents the weekend traffic, which amounts to 81.94% of the weekday traffic [35]. Furthermore, it is assumed that no e-moped rides are taken during rainy hours. The proportion of non-rainy hours is calculated to be 87.08% of all hours in Berlin, based on weather data of the last four years from Deutscher Wetterdienst measured at the meteorological station at Berlin-Alexanderplatz [36]. The third factor is calculated on the expected economic life of a shared e-moped. For privately used e-mopeds, this value is set to seven years, according to the German Federal Ministry of Finance [37]. However, due to the high utilization of vehicles in the simulation, shared e-mopeds face higher stress. Following real-world experiences by Govecs and sharing operators, the battery life is the crucial factor for the e-moped lifetime. For high-quality batteries without deep discharging, it is either determined by the number of charge cycles (1500 cycles) or the aging process of its chemical substance (five years) [38].



For all main and the additional scenarios, it is thus determined to be five years. We assume in this study that other e-moped components will be repaired or replaced with parts from decayed mopeds in the case of malfunction. Whereas the simulation model is calculated with the constant value of 2500, 10,000, or 50,000 e-mopeds (active fleet), the actual fleet considered in the TCO and LCA differs by two parts. The first part resembles the number of e-mopeds that are not fully operational at any given point time because they are in repair, without a helmet, or out of the business area. This operational fleet factor is set to be 14.5% p.a. of the total fleet. The second share includes the broken, vandalized, or stolen mopeds, which is represented by the decay rate which is 0.25% per month of the total initially purchased fleet size. To maintain a constant fleet size, these vehicles are replaced immediately in the case of decay. Both factors stem from the experiences of a German e-moped sharing operator. The resulting number of vehicles used for the TCO and LCA are displayed in Table 1.



Regarding the electric energy used for charging the e-mopeds over these five years, the German electricity mix of the year 2019 is applied. Due to various laws and decisions, such as the nuclear power plant or coal phase-out, more renewable energies will be used in the coming years [39]. To reflect this influence on the environmental balance, LCAs of all main scenarios based on a power grid mix consisting exclusively of renewable energies are carried out. As Figure 3 indicates, three additional cases are investigated for the main scenarios. In the first additional scenario, a simulation with a fleet size of 500 vehicles is analyzed to mirror a stricter e-moped sharing regulation scheme in Berlin and/or a lack of user interest in this kind of service. Cases two and three exhibit the same fleet size as the base scenario, but investigate two different parameters. For additional scenario two, a personal factor is integrated. This factor aims to reflect the personal preference of the agents toward using this type of sharing system, due to various reasons, such as security concerns, lack of comfort or spatial requirements, or a financial unwillingness to pay for such services. The value is set to 1/3, which means that every third trip of all trips suitable for e-mopeds can be potentially substituted by an agent. The third case explores the traffic effects of a service operator who assigns low priority to the availability of the e-mopeds. This is reflected by a longer battery swapping duration, which is set to eight hours in comparison to 60 min, based on the scenario with 2500 vehicles.



The chosen e-moped model is the Govecs Flex, which is designed for sharing purposes and deployed by several e-moped sharing operators in Europe [40]. It is powered by a 2 kW nominal power hub motor, drives up to 45 km/h, and thus requires an associated driver’s license [41]. Although the vehicle has two seats, each trip in this simulation represents one person because trips in MATSim are conducted by single agents. The vehicle contains two swappable lithium-ion batteries with a total capacity of 3.4 kWh. Taking a 10% capacity fade over its full lifetime into consideration and a consumption of 3.4 kWh/100 km, the range is presumed to be 90 km per battery set [40,42]. One battery set consists of two batteries. The selected battery swap threshold amounts to 15% to avoid deep discharging. Since the average e-moped trip distance in this case study is between 3.6 and 4.1 km (see Section 4), the SoC of the battery mostly stays between 10% to 90% after the initial two to three trips after charging. During this range, the charging curve can be seen as almost linear, according to Dearborn [43]. Hence, we consider linear battery discharging. Furthermore, the safety buffer is set to 20%. As mentioned in the sharing simulation part of Section 2, this means that a trip length of 10 km needs a battery capacity of 12 km. Since the examined e-moped model is prohibited to be driven on specific road types in Germany, such as highways and trunk roads, trips including these road types or with a speed limit higher than 50 km/h are excluded [41]. To cover the Berlin metropolitan area, only transport activities with departure and arrival located in Berlin are considered. The maximum walking distance for agents to a shared e-moped is chosen as 500 m, based on an e-moped sharing user survey [10]. MATSim does not offer exact locations on a specific street, so it is assumed that the agent is standing halfway down the link when calculating the distance from an agent to a shared e-moped. This leads to the elimination of links with a length above 1 km, which is less than 0.1% of all links considered. Furthermore, of all trips done by private passenger cars within the Berlin metropolitan area, only those with a length between 1.5 and 30 km are considered. The minimum distance of 1.5 km is chosen based on our own calculations: At distances starting from this value, shared e-moped trips provide a lower travel duration in comparison to walking. The selected maximum distance is derived from the majority of trip distances of a small-scale study regarding privately-owned e-mopeds [20]. The above-mentioned modifications displayed in Table 2 lead to a decrease in the daily number of passenger car trips, which can be theoretically substituted by the e-moped sharing system, from 2,874,220 to 1,013,930.




3.2. Total Cost of Ownership


Here, a TCO of the costs incurred within the expected lifespan of a shared e-moped is conducted for each of the main scenarios. To enable comparability, the costs are represented per kilometer driven by the fleet on average. The most relevant assumptions are displayed in the following. The purchase price of all capital assets is offset as a loss in value or depreciation, according to the straight-line method over their respective economic life. The annual inflation rate is set to 1.71% as based on the average inflation rate in Germany from 1992 to 2019 [44]. To approximate the present value for recurring costs, a discount rate of 3.5% p.a. is applied, according to [45]. In this calculation, no costs of capital are considered. Besides the server facilities and the driver’s license verification process, which are outsourced, every service is done in-house, such as software development or vehicle maintenance. Every asset is purchased. The core workforce is permanently employed and for a fleet size of 2500 vehicles, it consists of a team of 15 employees, resembling the average number of a German mobility startup in 2020 [46]. Additionally, there are personnel that are highly dependent on the fleet size, such as the battery swappers, customer service representatives, mechanics and cleaning personnel. The resulting total company size varies from 82 (for 2500 vehicles) to 817 employees (50,000). For detailed information on the personnel and their wages, see Tables S6 and S7 in the Supplementary Materials.



To reduce complexity, the whole setup, including the fleet and mobile app, is operational from day one of the market launch (no ramp-up). When the SoC of a vehicle battery passes the threshold of 15% in the simulation, the battery is swapped within 60 min by battery swapping personnel who work three shifts per day. The batteries are swapped by 70% electric light commercial panel vans and 30% electric cargo bikes. The number of vans and cargo bikes, their electricity consumption and the personnel related to the battery swapping are considered as calculated in Tables S7–S9 in the Supplementary Materials. To ensure enough batteries for swapping are provided, 50% additional battery sets must be bought. This number is based on the number of empty battery sets during peak shifts. The price charged for the electricity consumption is 0.1844 EUR/kWh to resemble the electricity price for industrial customers in 2019 [47]. Furthermore, it should be noted that no costs for the disposal at the end of life (EoL) and no salvage value at the end of an e-moped’s lifetime are included. The components of the TCO can be divided into initial and recurring expenses. Table 3 and Table 4 present the cost distribution of the relevant capital and operating cost components associated with the three main scenarios. For the capital costs, all scenarios exhibit the purchase of the e-moped (including telematics and delivery) as the most expensive cost component, amounting to more than 71%, followed by the costs for additional batteries, accounting for about 14.8 to 16.3% depending on the fleet size (Table 3).



Besides the purchase of the e-van for the battery swapping, two other significant capital cost components are marketing and driver’s license verification. The latter are costs for checking the users’ licenses for validity. Both components are directly dependent on the user base. The total user base is calculated by dividing the total monthly rides by the monthly rides per active user ratio, which is derived from the real-world experiences of an e-moped sharing operator. It is also assumed by the sharing operator that the actual total user base is double the number of active users. The above-mentioned values for the main scenarios are presented in Table 5. For the marketing costs, the total user base is multiplied by the average user acquisition costs for creating an account [48]. In this case study, the user base is considered to be at its maximum level directly at market launch. Hence, the costs related to the user base are attributed to the capital costs.



Regarding the recurring expenses, the costs related to personnel constitute the majority of the total operating costs, contributing from 68.3% for a fleet with 2500 vehicles over 59.8% (5000 vehicles) to 52.4% (50,000 vehicles) as can be seen in Table 4. The following most essential expenses are costs related to electric consumption, maintenance and connectivity, which are at about the same cost level of 7.3% to 8.0% for the base scenario. The connectivity fee is imposed per vehicle by the e-moped manufacturer for the permanent connection of the vehicle with the fleet management software [40]. Except for the marketing costs, the share of the capital cost components does not differ as much throughout the scenarios as compared to the operating cost items. According to Table 4, the costs related to maintenance, connectivity and insurance grow on a linear gradient with an increasing number of vehicles deployed. On the other side, components such as energy costs or e-moped decay are dependent on the utilization rate (UR), which indicates the daily trips per e-moped. These decrease the larger that the fleet size becomes (see Section 4). Due to their cost structure, the personnel costs and rent of the office and warehouse do not increase at the same speed as the fleet size.




3.3. Life Cycle Assessment


This study performs an LCA of the shared e-moped system, depending on the fleet size and the electricity mix. To ensure an up-to-date analysis and meeting the current characteristics of the e-moped or energy production, several processes are modified or added manually, founded upon academic research studies. The existing ecoinvent process “electric scooter production, without battery” by Del Duce et al. [49] is used. The respective weight ratio is adjusted to match the characteristics of Govecs Flex. Since the investigated model is charged via the off-board charger, the onboard charger is removed and the process “charger production, for electric scooter” is included and aligned. The process “market for transport, freight train” is added to cover the transport of the e-moped and charger by freight train from the production facility in Wroclaw (Poland) to the e-moped operator in Berlin. The battery is realized with the process “battery production, Li-ion, rechargeable, prismatic” and its subprocesses, which include the battery pack, module, and cells as well as the battery management system and cables. This process is premised on a lithium-ion battery with a cathode made of lithium manganese oxide (LiMn2O4) by Notter et al. [50], which deviates from the lithium nickel manganese cobalt oxide (NMC) batteries as confirmed by the manufacturer. Due to the lack of public scientific data for this battery, the life cycle inventory for the cathode materials, according to Zhao and You [51], is used. Its input to make one kilogram of the cathode material is displayed in Table 6.



The components of the NMC battery pack are scaled to match the Govecs battery capacity of 3.4 kWh, based on Dai et al. [52]. On account of the upscaling process, the weight of the battery pack increases from 18.8 kg to 23.9 kg, resulting in an overall increase in e-moped weight of 4.75%. This change is considered in all processes, except in the electric consumption or design of the vehicle. For the use phase, significant emitters are the electricity consumption, maintenance and different wear emissions. The used ecoinvent processes “treatment of tire wear emissions”, “treatment of road wear emissions” and “treatment of brake wear emissions” were created for a passenger car. Since the weight is the crucial factor for these types of emissions, given the same driving and material characteristics, the original data are changed to the e-moped weight plus the weight of an average person in Germany [53,54,55]. Regarding the fleet’s battery charging, the German power grid mix of the year 2019 is used. The associated ecoinvent processes for electricity production in 2014 at low, medium and high voltage levels, as well as other emissions caused by transformation, are altered based on the gross electricity generation and power trading in Germany in 2019 [56,57]. According to Icha and Kuhs [58], it is assumed that the exported power consists of the same electricity mix as the gross electricity generation. The original ratios related to the transformation to the low voltage level and transmission losses as well as the ratio for the electricity production within the sector of hydropower, photovoltaics and onshore wind are maintained. The resulting electricity mix is presented in Table 7.



For the electricity mix consisting fully of renewable energies, the electricity mix of 2019 is adapted to match the technical–environmental potential for renewable energies, forecasted by the German Federal Environment Agency [39]. In this calculation, neither power imports nor exports are considered. The data are displayed in Table 8.



For reasons of simplicity, we assume that all vehicles of the fleet are disposed of when they pass their expected lifetime, and for the battery, we assume recycling. The shredding of the glider is depicted in the ecoinvent process “treatment of used glider, electric scooter, shredding”. The “treatment of used powertrain for electric scooter, manual dismantling” contains the dismantling and treatment in the scrap recycling facility. The battery undergoes hydrometallurgical and pyrometallurgical treatment in equal parts, according to the processes “treatment of used Li-ion battery, pyrometallurgical treatment” and “treatment of used Li-ion battery, hydrometallurgical treatment”.





4. Results


The following section displays the results of the sharing simulation, the TCO and the LCA. First, the trip data generated in the e-moped sharing simulation (Table 9, Table 10, Table 11 and Table 12) and the TCO (Figure 4, Figure 5, Figure 6 and Figure 7) of the main and the additional scenarios are presented. Subsequently, the LCA of the main scenarios are shown (Figure 8, Figure 9, Figure 10, Figure 11 and Figure 12).



4.1. Traffic Data


4.1.1. Main Scenarios


In Table 9, the averaged trip information on a weekday with no rain for the fleet sizes of 2500, 10,000 and 50,000 mopeds are compared. With 2500 vehicles deployed, 55,951 trips are conducted in Berlin in 24 h, and 2547 battery sets are swapped. The data point out that the larger the fleet size, the more total trips are conducted. A total of 1.95% of all passenger car trips in Berlin on that day can be replaced by the fleet of the base scenario. This percentage grows to 23.33% for the maximum scenario. At the same time, the distribution of direct and adjacent trips changes. When more mopeds are deployed, the ratio of direct trips based on all trips conducted increases from 25.0% to 33.0%, comparing the base to the maximum scenario. Table 9 also exhibits that a smaller ratio of mopeds must undergo daily battery swapping when the fleet size is increasing. This value decreases from 101.9% (2500 vehicles) over 96.0% (10,000) to 69.8% (50,000). At the same time, the utilization rate (UR) cuts down from 22.38 over 20.48 to 13.41. Simultaneously, the parameter representing the e-mopeds that were not used by agents that day grows from 1.8% over 2.5% to 5.0% based on the total fleet size.



The underlying lifetime trip data of the main scenarios for the TCO and LCA are displayed in Table 10. Due to weekend traffic and weather conditions, the UR is lower than shown in the daily sharing simulation results. It decreases from 18.48 for the base scenario, over 16.91 for the medium scenario to 11.08 for the maximum scenario. The total lifetime mileage per vehicle decreases by 31.2% from 89,846 km (2500 vehicles) to 61,826 (50,000 vehicles). The electric consumption per e-moped drops by the same rate from 3053 kWh to 2102 kWh.




4.1.2. Additional Scenarios


Table 11 indicates the results of the sharing simulation for the additional scenarios. In the scenario with 500 active vehicles, 10,934 e-moped trips are done, which represent 0.38% of all daily passenger car trips in Berlin. Several such values, including the total trips, the number of battery set swaps or the daily inactive mopeds, are approximately five times smaller, compared to the base scenario with five times more vehicles. Here, the average trip distance with 3.52 km/trip and the UR with 21.87 are slightly lower than the base scenario. The other two scenarios of sensitivity have the same fleet size as the base scenario. For the personal factor scenario, three iterating sequences can be distinguished, depending on the starting position of the substituted trip: the first, the second and the third trip. Thus, the average of the results of the three sequences are displayed in Table 11. It shows 25,229 total e-moped trips on that day with a UR of 10.09, which both are 54.9% lower than the base scenario. The average trip distance per trip is 4.11 km and the number of daily inactive vehicles is 139. The 8 h battery swap reveals 44,963 total trips by the sharing system, which is 21.3% lower than the original 2500 vehicle scenario. While the average trip distance per e-moped trip is 3.51 km is about the same level, the UR is 19.6% lower.



For the additional scenarios, the lifetime trip data can be found in Table 12. The UR, total lifetime mileage and electric consumption per e-moped are the highest for the 500 vehicle scenario followed by the 2500 vehicle scenario with 8 h battery swap duration and the personal factor scenario. Here, the UR decreases from 18.06 over 14.85 to 8.33. While each vehicle in the 500 vehicle scenario drives 85,939 km in a lifetime on average, this value goes down by about 46.0% to 46,383 km for the personal factor scenario. The electric consumption per e-moped drops by the same rate from 2922 kWh to 1577 kWh.





4.2. Total Cost of Ownership


4.2.1. Main Scenarios


Figure 4 exhibits the share of the lifetime capital and operative costs for the e-moped fleets of the main scenarios. As discussed in the TCO part of Section 3, it highlights that the bigger the fleet size, the higher the share of capital costs based on the total costs. Here, the capital cost shares rise from 40.5% (base scenario) over 47.5% (medium scenario) to 54.1% (maximum scenario). Breaking down the total lifetime costs on the actual number of e-mopeds used in the fleet, the biggest fleet size offers the lowest value with EUR 7782, compared to EUR 9155 for 10,000 vehicles and EUR 11,447 for 2500 vehicles (Figure 4).



Figure 5 illustrates the distance-based total costs for the sharing operator for the three main scenarios based on the respective expected e-moped lifetimes. The chart highlights that the fleets with the least and most vehicles exhibit the most expensive costs per kilometer with 0.127 EUR/km and 0.126 EUR/km. The medium scenario shows the best cost per distance ratio with 0.108 EUR/km.




4.2.2. Additional Scenarios


Figure 6 exhibits the share of the lifetime capital and operative costs for the e-moped fleets of the additional scenarios. In the 500 vehicle scenario, 26.3% of the lifetime costs per e-moped are related to the one-time expenses of the capital costs. This is lower than in the other two scenarios. The share of the operating costs are 56.3% in scenario with 8 h battery swap duration and 53.7% in the base scenario with personal. Regarding the lifetime costs per e-moped, the scenario with the smallest fleet size offers the highest value with EUR 18,901, compared to EUR 9890 for the personal factor scenario and EUR 10,525 for the 8 h battery swap scenario.



Figure 7 displays the distance-based total costs for the sharing operator for the three additional scenarios based on the respective expected e-moped lifetimes. The diagram exhibits that both the fleets with 500 vehicles and the personal factor scenario offer the highest costs per kilometer with 0.220 EUR/km and 0.213 EUR/km. The base scenario with 8 h battery swap duration shows costs per distance of 0.149 EUR/km.





4.3. Life Cycle Assessment


In the following, the results of the LCA of the shared e-moped fleets are presented. The results vary for the impact categories, the scenarios and the electricity generation. They are further subdivided into production, use phase and EoL (Figure 8, Figure 9, Figure 10, Figure 11 and Figure 12). Figure 8 illustrates the impact factor for the lifetime GWP. The CO2 equivalent emissions of 2500 e-mopeds with the current electricity mix are 32.3 g CO2-eq/km. Major contributors are the electricity consumption during the use phase (main contributors: electricity from hard coal and lignite) and vehicle production (particularly battery production). Due to an increase in emissions related to production and disposal, this amount grows by 1.8% to 32.9 g CO2-eq/km and by 13.3% to 36.7 g CO2-eq/km, compared to a fleet size of 10,000 and 50,000 vehicles. Note that the distance-based GWP for the use phase is constant for the respective electricity generation because the e-moped’s emissions (electricity consumption) are linear to the driven distance. Concerning the GWP based on the electricity mix of 100% renewable electricity, the environmental output for production and EoL stay the same, whereas the CO2 equivalent emissions related to the use phase decrease by 59.7%. This leads to an overall decline of emissions per kilometer by 42.1%, given the base scenario with 2500 vehicles. For a fleet of 10,000 vehicles, the value amounts to 41.4%, whereas it equals 37.2% for 50,000 vehicles.



As highlighted in Figure 9, the emissions regarding the AP for the base scenario with 2500 e-mopeds charged with the current electricity mix are 0.166 g SO2-eq/km. It shows an increase of approximately 4.0% (10,000) to 30.8% (50,000). In comparison to the results based on an electricity generation of 100% renewable energies, the overall sulfur dioxide equivalent emissions are between 8.9% and 11.6% lower. In all scenarios, most emissions are extruded during the production phase.



For the EP, the results for the base scenario exhibit emissions of 0.035 g P-eq/km, given the current power grid mix. This value increases by 1.8% for the medium scenario and by 14% to 0.040 g P-eq/km for the maximum scenario (Figure 10). The change from current electricity generation to 100% renewable energies leads to an overall decrease in freshwater eutrophication of about 51.6% (50,000 vehicles) to 58.8% (2500).



The PMFP results are displayed in Figure 11. A fleet consisting of 2500 vehicles emits 0.062 g PM2.5 eq/km for the German power grid mix of 2019, which grows by 4.1% to 0.064 g PM2.5 eq/km for 10,000 vehicles and by 31.2% to 0.081 g PM2.5 eq/km for 50,000 vehicles. For all scenarios, the production phase is the major contributor, being about two to four times larger than all other emissions combined. With renewable energy as an electricity source, the total emissions in particulate matter decrease to 0.058 g PM2.5 eq/km (base scenario), to 0.060 g PM2.5 eq/km (medium scenario) and to 0.077 g PM2.5 eq/km (maximum scenario).



The CED is presented in the form of the distance-based required primary energy. According to Figure 12, the major contributor is the use phase amounting to 67.3% (50,000 e-mopeds) and to 74.9% (2500), given the current electricity mix. The fleet of the base scenario consumes 543.6 kJ/km, which grows by 11.3% to 605.3 kJ/km for the maximum scenario. Changing the energy source to 100% renewables, the energy required for the use phase decreases by 32.2% for every main scenario. The primary energy for the production and EoL remain constant.





5. Discussion


In this study, the original traffic data were calculated with MATSim, which was described or utilized in various publications so far [23,24,26,59,60]. Whereas there is always a degree of uncertainty related to simulation models, this framework offers the favorable characteristic of matching real-world traffic data with individual utility optimization. Based on the procedure regarding the integration of LCAs into MATSim-generated traffic scenarios as described by Syré et al. [26], it enables easy customization of input parameters and automated generation of results. An investigation on the basis of only real-world data sets as done by Degele et al. [22] would be more significant for the actual fleet size deployed by the operator but might lead to more uncertain and less valid outcomes when upscaling the traffic data to investigate different fleet sizes, such as 10,000 or 50,000 vehicles—this is one essential goal in this study.



5.1. Traffic Data


The different scenarios show that the bigger the fleet size, the more passenger vehicle trips that can be successfully substituted with an e-moped sharing system in the Berlin metropolitan area. However, it is noticeable that a shared fleet consisting of 10,000 e-mopeds is only able to increase the total trips by 3.66, compared to the four-times-lower base scenario. When pointing out the maximum scenario with 20 times more vehicles, only 12.0 more total trips can be conducted. This is reflected by the number of inactive mopeds and the UR, which are by far the lowest for the largest fleet. One explanation for the drop in fleet efficiency is the higher vehicle density. This leads to more situations in which the agents have more than one e-moped to choose from when departing and thus, leave some mopeds with little or no use for that day. However, having a higher vehicle density also seems to equal a higher number of e-mopeds with higher battery capacity, which would explain the longest average trip distance of all fleet sizes. While this circumstance leads to more absolute trips being possible in theory, the comparatively low UR does not offset the better cost distribution (economies of scale) per e-moped and finally becomes one of the main drivers for the second-highest costs per kilometer. Although a trend toward higher UR with decreasing fleet size can be observed, the scenario with 500 e-mopeds (first additional scenario) exhibits a slightly lower UR than the base scenario. One reason for this might be that with a certain vehicle density, the probability of situations in which agents are not able to find an e-moped in walking distance surpasses the previously explained effect of having too many mobility options to walk to. This is a useful insight for the selection of the fleet size for a sharing operator. Changing the battery swapping duration in the base scenario from one to eight hours, as investigated in the third additional scenario, leads to a considerable decrease in total conducted trips by 20%. For the personal factor scenario, only one every third trip (meaning 33.3% of all possible trips) could be substituted. However, the results show only a trip and UR reduction of around 55%, compared to the base case. This smaller reduction can be explained by the fact that more suitable e-mopeds are available for the agents. This argumentation is underlined by the 200% higher number of inactive mopeds and the higher average trip distance, which indicates higher average SOC of the e-moped batteries (compare Table 9 and Table 11). Citing the average UR per day described by Howe and Jakobsen [19] in 2019, even the lowest daily UR rate calculated in this study (being 11.1 as the UR for the average day based on a year for a fleet with 50,000 vehicles) is still 39% higher. However, since the year of publication, the global user base of e-moped sharing operators has increased by 81% and is expected to grow further [15]. When multiplying the average trip distances from the main scenarios with the average inner-city travel speed in Berlin [61], an average trip duration can be calculated. Here, it ranges from 12.2 (2500 vehicles) to 14.0 min (50,000 vehicles). These values correspond to the results of Aguilera-García et al. [10] but are below the 15 to 20 min researched for the average ride time per rental by Howe and Jakobsen [19]. Applying the average UR of the main scenarios to the average trip duration (see Table 9), the daily time in which the e-moped is actively used sums up to 155 to 225 min, depending on the fleet size. This means that an average shared e-moped is in use for about 10.7% to 15.6% of the time per day. Compared to the average time of 5% during which a car is not parked [5], the shared e-moped is utilized, on average, more than two times as much. According to a research study by Gerike et al. [62], the modal split of urban motorized two-wheelers (moped, motorcycle and scooter) based on all trips made is 0.5% on an average working day in Berlin in 2019. However, the share of these modalities equals to 2.56% when taking the passenger car driver traffic as a basis—as done in this study. Compared to the ratio of 1.95% of all passenger car trips in Berlin that can be replaced by the e-moped fleet in the base scenario, these values are in the same range. Although factors such as rain and lower weekend traffic are included in the study’s simulation, it should be noted that the current simulation settings display the maximal possible substitutions of passenger vehicle traffic with a shared e-moped fleet in Berlin. Major factors, such as seasonality effects or the agent’s personal preference/aversion toward the use of a shared e-moped are not covered. When comparing to passenger vehicles, aversive factors toward this type of mobility concept are (security) concerns when driving two-wheelers, higher spatial requirements needed for bulk purchases, or the financial willingness of the users to pay for this service, just to name a few examples.




5.2. Total Cost of Ownership


The medium scenario and not the base scenario offers, with 0.108 EUR/km, by far the best cost position for the operator. Two main factors are identified: the relatively high UR compared to the base scenario and its respective cost advantage for expenses, such as personnel or office rent per kilometer, which decrease on a linear gradient with the fleet size. It should be noted that a TCO analysis for a theoretical e-moped sharing service is always associated with uncertainties. The underlying assumptions of the cost components are heavily dependent on factors such as the design of the fleet operations or the public accessibility of data, especially when determining the costs for the scenarios with 10,000 or 50,000 vehicles. Parameters such as the moped decay ratio or operational fleet factor have a major influence on the investment costs of the e-moped fleet (which represent more than 70% of all capital costs) but vary greatly depending on the selected vehicle model or the sharing operator’s prioritization of operations and maintenance. This is particularly evident in the battery swappers’ salaries, which alone account for 38.9% (base scenario) to 44.9% (maximum scenario) of all operating costs (see Tables S5 and S6 in the Supplementary Materials). Depending on how much value an operator places on the availability of the mopeds (as indicated in the additional scenario), large cost differences arise, for example, for the total battery swapper salaries. The TCO of the additional scenario with an 8 h battery swap shows that although the share of operator costs reduces from 59.5% to 56.3%, the absolute costs, both operator and capital costs, are higher. The same uncertainty applies to costs that rely on the user base. Although the user base calculation for the base scenario was derived from one sharing operator and matched with public data from another operator [63], no comparisons could be made with figures for scenarios with large fleets because of the lack of suitable and available data for individual sharing systems from 10,000 vehicles upwards. To provide an initial scope for a possible pricing scheme for an e-moped sharing service, an operator might refer to the costs for the private use of an average, medium-sized car. For a Volkswagen ID.3 Pro (58 kWh) with a total mileage of 100,000 km over 5 years, the total distance-based costs amount to 35.5 ct/km. This represents an increase of 177%, compared to the 12.8 ct/km of the base scenario. However, it should be noted that these means of transport cannot be adequately compared simply because of different ownership models and different functionalities.




5.3. Life Cycle Assessment


As expounded by the Austrian Energy Agency, the GWP related emissions over the lifetime of a privately used e-moped were calculated as 59.1 g CO2-eq/km (53.4) for the average Austrian electricity mix in 2015 (for a fully renewable electricity mix) [21]. Although covering the same cradle-to-grave phases, these are about 74% (162%) higher than the average e-moped fleet emissions, given the German power grid mix in 2019 (100% renewables). Regarding the CED, the total required energy is 56% (45% for the 100% renewable power grid mix) higher in this study. However, the Austrian study exhibits differences in the investigated moped properties and the prevailing conditions of the LCA. The battery weighs 26.5% more than the one used in this study and LMO is used as a cathode material instead of the more up-to-date NMC. The total mileage with 10,000 km is six to nine times lower, and two batteries are used in the considered 10 years. These factors might explain the higher emissions. The low reduction rate when changing the power generation to fully renewables can be explained by the currently low share of fossil energy of 24% in Austria. In another study, Hofmann et al. [20] determined the greenhouse gas emissions for a comparable e-moped as 32 g CO2-eq/km [20]. This value lies in a tolerable range to the 34 g CO2-eq/km for the current power grid mix in this study. However, the Swiss power grid mix in 2013 emits only 148 g CO2-eq/kWh, while the German mix in 2019 produces 401 g CO2-eq/kWh [64]. Compared to the calculated 20.4 g CO2-eq/km in the 100% renewable case, the amount in Hofmann et al. [20] is 57% higher. The reason for this deviation could be the lower lifetime mileage (50,000 km), the different impact assessment method (IPCC 100a), a varying battery model (cathode material: LMO) and its higher total weight (32 kg). Compared to other results based on MATSim simulations, the study by Syré et al. [26] can be introduced. It investigated the environmental distance-based impact of electric cars, given the same MATSim Open Berlin Scenario and the same impact assessment method. The vehicles in the study are privately owned passenger cars and, therefore, are not comparable in usage time and lifetime mileage. Therefore, we refrain from comparing the emissions of the entire life cycle. However, a well-to-wheel comparison shows the differences in electricity and fuel consumption. In the study by Syré et al. [26], the average well-to-wheel emissions for one kilometer driven in the transport system are 197 g CO2-eq/km for the ICEV case and 124 g CO2-eq/km for the BEV case. With renewable energies, the BEV case reduces to 10 g CO2-eq/km. In this study, regarding only WTW emissions, the e-mopeds emit 23 g CO2-eq/km (current electricity mix) and 9 g CO2-eq/km (renewable electricity mix). With the current electricity mix, the WTW emissions of e-mopeds are significantly lower than the emissions by ICEVs and BEVs. For a renewable grid mix, the reduction compared to ICEVs logically becomes larger. However, the reduction compared to BEVs is rather small. Syré et al. [26] considered less renewable energy (4.5 percentage points) and more hard coal and lignite (3 percentage points each) for the current scenario, which lead to higher environmental emissions. For the fully renewable energy scenario, only wind energy and large PV systems (which require fewer mounting structures) were used, whereas this study considers also geothermal, biogas and water energy. Another important impact category for road transport is the particulate matter formation potential: in the use phase, the e-mopeds emit 0.019 g PM2.5 eq/km (current grid mix) and 0.015 g PM2.5 eq/km (renewable grid mix). The battery electric passenger cars in the study by Syré et al. [26] emit 0.221 g PM2.5 eq/km (current grid mix) and 0.119 g PM2.5 eq/km (renewable grid mix). The results show that, especially in the upcoming years in which the grid mix will not be completely renewable, e-mopeds can help to significantly reduce emissions from road transport, as long as the trips replace passenger car trips and not bicycle or pedestrian trips.





6. Conclusions


E-moped scooter sharing systems have gained momentum in urban areas recently. To better assess their traffic-related, economic and environmental impact, a sharing simulation for the potential substitution of urban motorized private transport based on MATSim results is developed. Three different fleet sizes (2500, 10,000 and 50,000 e-mopeds) and two additional scenarios are introduced, and their underlying rationale is illustrated. The respective effects are investigated, given the current and a 100% renewable energy power grid mix. The simulation results show that the base scenario theoretically can substitute 1.95% of all passenger car trips done in Berlin. The larger the fleet, the more and longer the trips that can be substituted. At the same time, the efficiency in terms of fleet utilization decreases by 40%, comparing the base scenario of 2500 e-mopeds to the scenario with 50,000 vehicles. For the maximum scenario, the comparatively low utilization rate and daily mileage per e-moped cannot outweigh the cost savings due to economies of scale. With 0.126 EUR/km, it is only 1.2% lower than the highest distance-based costs for a sharing operator of the scenarios considered. As a result, the scenario with 10,000 sharing vehicles offers by far the lowest total costs per kilometer, with 0.108 EUR/km. For all listed impact categories in the life cycle assessment, the base scenario offers the lowest environmental impact per kilometer regardless of the electricity source. When increasing the fleet size to 10,000, these emissions increase slightly by 2.6% on average. For 50,000 vehicles, this value grows by 20.1% based on the base scenario. With only renewable energy in the power grid mix, the shared fleets gain additional advantages due to the emission reduction during the use phase, particularly for the global warming and eutrophication potential. In these categories, the environmental output per kilometer reduces by 59.7% and 85.2%, resulting in an overall distance-based decline of 40.2% and 56.1%. At the same time, the total primary energy use per kilometer can be lowered by 23.2%.




7. Outlook


As we conclude, for further research to create more real-world close sharing simulations, future approaches will focus on different aspects of substitution: while this study displays the maximal possible substitution potential, the seasonality effects, personal preference/aversion toward this relatively new mobility option or the effects of specific revenue models should be considered. With the knowledge generated by user surveys on mobility behavior, more precise investigations can be conducted. This can be easily integrated as a general factor in the decision model of the sharing simulation and would enable more realistic comparisons of environmental emissions between modes of transport on the basis of substituted vehicles, and not only on a trip level as done in this study. Here, the influence of other sharing systems, such as car sharing or electric scooter sharing, can be investigated, given the available data. Due to the modular structure of the developed sharing simulation, the usage of other databases and/or traffic simulations is possible with little effort. As a result, it would allow transport policymakers and entrepreneurs all over the world to make well-founded decisions about the role of e-moped sharing toward more sustainable urban mobility. Moreover, the used method can be applied to other forms of transport and be used by researchers to implement case studies for other cities, if the needed data are available.
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Figure 1. Flow chart of the methodology used. 
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Figure 2. Decision model of sharing simulation. 






Figure 2. Decision model of sharing simulation.



[image: Wevj 12 00096 g002]







[image: Wevj 12 00096 g003 550] 





Figure 3. Schematic representation of the scenarios. 
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Figure 4. Share of lifetime capital and operative costs of e-moped fleets of main scenarios. 
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Figure 5. Total cost per kilometer of e-moped fleets of main scenarios. 
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Figure 6. Share of lifetime capital and operative costs of e-moped fleets of additional scenarios (PF—personal factor, BS—8 h battery swap). 
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Figure 7. Total cost per kilometer of e-moped fleets of additional scenarios (PF—personal factor, BS—8 h battery swap). 
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Figure 8. Lifetime global warming potential of e-moped fleets per kilometer; curr.—current German power grid mix of 2019, renew.—power grid mix resembling 100% renewable energies. 






Figure 8. Lifetime global warming potential of e-moped fleets per kilometer; curr.—current German power grid mix of 2019, renew.—power grid mix resembling 100% renewable energies.



[image: Wevj 12 00096 g008]







[image: Wevj 12 00096 g009 550] 





Figure 9. Lifetime acidification potential of e-moped fleets per kilometer; curr.—current German electricity mix of 2019, renew.—power grid mix resembling 100% renewable energies. 
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Figure 10. Lifetime eutrophication potential of e-moped fleets per kilometer; curr.—current German electricity mix of 2019, renew.—power grid mix resembling 100% renewable energies. 






Figure 10. Lifetime eutrophication potential of e-moped fleets per kilometer; curr.—current German electricity mix of 2019, renew.—power grid mix resembling 100% renewable energies.



[image: Wevj 12 00096 g010]







[image: Wevj 12 00096 g011 550] 





Figure 11. Lifetime particulate matter formation potential of e-moped fleets per kilometer; curr.—current German electricity mix of 2019, renew.—power grid mix resembling 100% renewable energies. 
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Figure 12. Lifetime cumulative energy demand of e-moped fleets per kilometer; curr.—current German electricity mix of 2019, renew.—power grid mix resembling 100% renewable energies. 
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Table 1. Vehicle fleet sizes for the TCO and LCA.
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	Active Fleet
	2500 Vehicles
	10,000 Vehicles
	50,000 Vehicles





	Total fleet size over lifetime
	3369
	13,476
	67,375
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Table 2. Simulation parameters.
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	Parameter
	Value
	Source





	Weekend traffic
	81.94%
	Based on [35]



	Non-rainy hours
	87.08%
	Based on [36]



	Max. walking distance (m)
	500
	Based on [10]



	Max. link length (m)
	1000
	Derived from [10]



	Min. Trip distance (km)
	1.5
	Own estimate



	Max. Trip distance (km)
	30
	Derived from [20]



	Battery swap threshold
	15%
	Own calculation



	Batter safety buffer
	20%
	Own calculation



	Economic life (years)
	5%
	Based on [38]



	Total passenger car trips in Berlin in 24 h
	2,874,220
	Own calculation based on [24]



	Scenario car trips in Berlin in 24 h
	1,013,930
	Own calculation based on [24]
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Table 3. Capital cost components for the main scenarios.
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Active Fleet

	
2500 Vehicles

	
10,000 Vehicles

	
50,000 Vehicles






	
Capital cost component

	
Share of total capital costs




	
E-mopeds (incl. telematics)

	
71.5%

	
76.3%

	
78.8%




	
Additional batteries in depot

	
14.8%

	
15.8%

	
16.3%




	
Marketing costs

	
5.9%

	
2.3%

	
0.7%




	
E-vans for battery swapping

	
2.7%

	
2.3%

	
1.7%




	
Driving license verification

	
2.4%

	
1.0%

	
0.3%




	
Charging infrastructure

	
0.9%

	
1.0%

	
1.0%




	
Helmets

	
0.7%

	
0.8%

	
0.8%




	
App development

	
0.5%

	
0.1%

	
0.03%




	
E-cargo bikes for battery swapping

	
0.4%

	
0.4%

	
0.3%




	
Others

	
0.2%

	
0.2%

	
0.1%




	
Lifetime capital costs [€]

	
15,612,793

	
58,570,925

	
283,665,414











[image: Table] 





Table 4. Operating cost components for the main scenarios.
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Active Fleet

	
2500 Vehicles

	
10,000 Vehicles

	
50,000 Vehicles






	
Operating cost component

	
Share of total operating costs




	
Personnel

	
68.3%

	
59.8%

	
52.4%




	
Electric consumption (e-mopeds)

	
8.0%

	
10.7%

	
10.5%




	
Maintenance

	
7.4%

	
10.4%

	
14.1%




	
Connectivity fee

	
7.3%

	
10.3%

	
13.9%




	
Office rent

	
2.7%

	
1.0%

	
0.5%




	
E-moped insurance

	
2.2%

	
3.0%

	
4.1%




	
E-moped decay

	
2.0%

	
2.6%

	
2.3%




	
Warehouse rent

	
1.3%

	
1.6%

	
1.7%




	
App infrastructure

	
0.5%

	
0.2%

	
0.04%




	
Electric consumption (e-vans)

	
0.4%

	
0.4%

	
0.3%




	
Others

	
0.03%

	
0.03%

	
0.04%




	
Operating costs in first year (EUR)

	
4,757,641

	
13,433,518

	
49,886,878











[image: Table] 





Table 5. Parameters related to riders and user base.
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	Active Fleet
	2500 Vehicles
	10,000 Vehicles
	50,000 Vehicles





	Monthly rides/rider
	9
	22
	48



	Total active users
	158,576
	233,968
	349,403



	Total user base
	317,152
	467,935
	698,806










[image: Table] 





Table 6. Material input needed for one kilogram of NMC cathode [51].
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	Input
	Unit
	Value





	Lithium hydroxide
	kg
	2.5 × 10−1



	Nickel sulfate
	kg
	5.42 × 10−1



	Cobalt sulfate
	kg
	5.42 × 10−1



	Manganese sulfate
	kg
	5.23 × 10−1



	Sodium hydroxide
	kg
	8.36 × 10−1
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Table 7. Shares of German power grid mix in 2019 [56].
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	Source
	Share
	Source
	Share
	Source
	Share





	Lignite
	17.18%
	Nuclear Energy
	11.32%
	Others
	4.18%



	Wind
	18.98%
	Photovoltaics
	8.04%
	Water
	3.03%



	Hard Coal
	8.61%
	Biogas
	7.54%
	Oil
	0.77%



	Natural Gas
	13.72%
	Imports
	6.62%
	Geothermal
	0.03%
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Table 8. Shares of power grid mix of 100% renewable energy [39].
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	Source
	Share
	Source
	Share
	Source
	Share





	Wind
	51.06%
	Geothermal
	7.09%
	Biogas
	3.26%



	Photovoltaics
	35.18%
	Water
	3.40%
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Table 9. Daily sharing simulation results for main scenarios.
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	Active Fleet
	2500 Vehicles
	10,000 Vehicles
	50,000 Vehicles





	E-moped trips, direct link
	13,965
	53,720
	221,318



	E-moped trips, adjacent link
	41,985
	151,097
	449,338



	E-moped trips, total
	55,951
	204,817
	670,655



	Energy consumption (kWh)
	6825
	25,768
	93,959



	Battery set swaps
	2547
	9602
	34,896



	Inactive e-mopeds
	45
	251
	2492



	Share of total e-moped trips of scenario trips
	5.52%
	20.20%
	66.14%



	Share of total e-moped trips of total trips
	1.95%
	7.13%
	23.33%



	Average trip distance (km)
	3.59
	3.7
	4.12



	Average e-moped utilization rate
	22.38
	20.48
	13.41



	Average mileage per e-moped (km)
	80.29
	75.79
	55.27
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Table 10. Lifetime sharing simulation results for main scenarios.
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	Active Fleet
	2500 Vehicles
	10,000 Vehicles
	50,000 Vehicles





	Average e-moped utilization rate
	18.48
	16.91
	11.08



	Mileage per e-moped (km)
	89,846
	84,732
	61,826



	Electric consumption per e-moped (kWh)
	3053
	2882
	2102
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Table 11. Daily sharing simulation results for additional scenarios (PF—personal factor, BS—8 h battery swap).
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Active Fleet

	
2500 Vehicles

	
10,000 Vehicles

	
50,000 Vehicles




	

	
(PF)

	
(BF)






	
E-moped trips, direct link

	
2826

	
5424

	
11,311




	
E-moped trips, adjacent link

	
8108

	
19,805

	
33,652




	
E-moped trips, total

	
10,934

	
25,229

	
44,963




	
Energy consumption (kWh)

	
1309

	
3527

	
5370




	
Battery set swaps

	
489

	
1311

	
2005




	
Inactive e-mopeds

	
6

	
139

	
29




	
Share of total e-moped trips of scenario trips

	
1.08%

	
2.49%

	
4.43%




	
Share of total e-moped trips of total trips

	
0.38%

	
0.88%

	
1.56%




	
Average trip distance (km)

	
3.52

	
4.11

	
3.51




	
Average e-moped utilization rate

	
21.87

	
10.09

	
17.99




	
Average mileage per e-moped (km)

	
77.02

	
41.50

	
63.19
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Table 12. Lifetime sharing simulation results for additional scenarios (PF—personal factor, BS—8 h battery swap).






Table 12. Lifetime sharing simulation results for additional scenarios (PF—personal factor, BS—8 h battery swap).





	
Active Fleet

	
2500 Vehicles

	
10,000 Vehicles

	
50,000 Vehicles




	

	
(PF)

	
(BF)






	
Average e-moped utilization rate

	
18.06

	
8.33

	
14.85




	
Mileage per e-moped [km]

	
85,939

	
46,383

	
70,589




	
Electric consumption per e-moped [kWh]

	
2922

	
1577

	
2400
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