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Abstract

:

Finding a sustainable mobility solution for the future is one of the most competitive challenges in the logistics and transportation sector nowadays. Researchers, universities, and companies are working intensively to provide novel mobility options that can be environmentally friendly and sustainable. While autonomous car-sharing services have been introduced as a very promising solution, an innovative alternative is arising using self-driving bikes. Shared autonomous cargo bike fleets are likely to increase the livability and sustainability of the city as the use of cargo bikes in an on-demand mobility service can replace the use of cars for short-distance trips and enhance connectivity to public transportation. However, more research is still needed to develop this new concept. To address this research gap, this paper examines the on-demand shared-use autonomous bikes service (OSABS) from a fleet management perspective. In fact, such a system requires good management strategies in order to ensure its efficiency. Through an agent-based simulation of a case study in Magdeburg, we investigate various parameters that can influence the performance and the service quality of OSABS such as the rebalancing frequency and the relocation type. Tests were performed for two different operational areas: the inner city and the complete city of Magdeburg. We conclude with different management insights for an optimized functioning of the system.
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1. Introduction


Since its appearance in 2019, the COVID-19 pandemic has provoked a huge behavior change in the way people travel. A modal shift from public transport to personal cars or bicycles has been observed [1]. While this shift may help to reduce crowdedness in public transportation and thereafter decrease the virus expansion, it may lead to higher carbon emission [1]. Whereas, with the climate emergency, it is crucial to provide sustainable mobility solutions that satisfy the pandemic requirements.



In this context, shared autonomous vehicles have been proposed as a solution to reduce car ownership and provide a personal travel experience [2]. In recent years, we have witnessed a progressive automation of vehicles (especially cars) [3], which has increased research interest in autonomous mobility solutions. This knowledge of autonomous driving has also been transferred to micro-vehicles as they reduce street congestion by using sidewalks [4]. As a type of micro-vehicles, Assmann et al. [5] suggested the use of a shared fleet of autonomous cargo bikes to improve city sustainability. Autonomous bikes can be used as a means for a transportation service as well as for last mile delivery.



In this work, we introduce the “On-demand Shared-use Autonomous Bike-sharing Service” (OSABS) which is a novel on-demand mobility option that is environmentally friendly and COVID safe. Passengers can book a bike via a smartphone application. The bike drives autonomously to its location within the given service time (10 min). The customer will ride it manually to the desired destination and release it after usage. Then, the bike drives to either the next customer, a waiting station (to park close to prospective demands), or a charging station (for battery refueling). This service allows a door-to-door mobility solution with zero human contact. In addition, the use of a shared autonomous cargo-bike fleet enhances the city’s sustainability as it reinforces the multi-usage of streets and thus helps reduce congestion and pollution [5].



However, one major challenge to the success of this new mode of transport is the optimization of the vehicle’s fleet. To guarantee the economic viability of this service, it is important to operate the fleet as efficiently as possible by reducing the unnecessary operational costs and satisfying the customer demand with the minimum fleet size. With an autonomous fleet, the management opportunities are enormous. Using self-driving technologies, idle vehicles can be relocated proactively according to the upcoming demand to prevent their accumulation in low-demand areas and to better satisfy customer requests. In addition, self-driving vehicles enable relocation to be executed centrally by a fleet operator that controls the state of all the vehicles and analyses the demand, rather than locally by individual drivers.



Given this expansion of fleet management options, there are endless possible relocation strategies that could be implemented. This paper aims to explore the implication of different rebalancing parameters on OSABS performance. Such an evaluation study will help decision makers determine the suitable strategy for this new service. The remainder of the paper is as follows: In Section 2, we present an overview of related research and publications. In Section 3, we describe the research methodology and the data used in this work. In Section 4, we present and analyze the simulation results and discuss them in Section 5. We conclude with fleet management insights in Section 6.




2. Literature Review


2.1. Fleet Management for Bike-Sharing Systems


Fleet management is a substantial activity that involves the fields of logistics, transportation, and distribution. Its main goal is to improve operational performance and service efficiency while reducing overall costs [6]. Based on the type and functioning of the system, different fleet management approaches could be considered. For the conventional bike-sharing system (CBSS), the relocation problem has been considered one of the main fleet management challenges that bike-sharing systems face. Since their earliest implementations, CBSS operators recognized the need to improve the bike’s distribution methods, and sometimes, they assessed its associated costs [7]. Therefore, it is essential to find approaches that make fleet relocation more efficient [8].



To date, several methods have been suggested to solve the bike rebalancing problem. Different classifications of the bike repositioning literature were also made. We should first distinguish between the operator-based rebalancing (OBR) strategies where the relocation operation is generally done by a fleet of trucks that collect and drop bikes across the network to satisfy the upcoming demand and the user-based rebalancing (UBR) strategies where incentives are given to customers to encourage a self-rebalance of bikes in the network. While the literature on the OBR strategies is rich and diverse [9,10,11,12,13,14,15,16], the publications on UBR are limited [17,18,19,20]. For the OBR strategies, Ho and Szeto [21] categorized the publications according to the operation types and available rebalancing vehicles. Considering the available repositioning vehicles, we differentiate between relocation problems with a single repositioning truck or multi-trucks. For the operation types, we can roughly distinguish between two categories: the static repositioning problem (SRP) and the dynamic repositioning problem (DRP). The SRP is applied for overnight rebalancing and does not integrate the demand forecasting for the operating day. It is a deterministic problem and can be viewed as a static, many-to-many pickup and delivery problem. We could find a survey of the static bicycle repositioning problem in [22]. The DRP is, on the other hand, applied for intraday rebalancing and considers the upcoming demand during the day [23]. The DRP is both dynamic and stochastic. We can also differentiate between the different OBR strategies according to the type of bike-sharing system: dock-based or free-floating. For an extensive literature review on the rebalancing problem for station-based BSS, we refer to [24]. For the free-floating systems, the rebalancing operation is more complicated as bikes are randomly dispersed in the operational area. The difficulty in seizing the bikes’ location leads to high rebalancing costs [20]. To summarize, we can differentiate between the UBR where papers are still limited and it is mainly performed by giving some incentives to the customers to encourage them to do a self-rebalancing of the system, and the OBR strategies where the service provider needs to solve a static or dynamic vehicle routing problem and here the repositioning (or rebalancing) problem consists on determining the best route for each vehicle (generally a truck), the stations (or points) that should visit and the number of bikes to load or unload at each visited station, such that we minimize the dissatisfaction cost in the overall system. For both types, the relocation problem solved is completely different from the rebalancing of autonomous bikes. For OSABS, we do not require a vehicle to perform the rebalancing task. Instead, the bikes could ride autonomously from one station to another, according to the upcoming demand. Our rebalancing problem is rather considered as a part of the fleet management of autonomous mobility-on-demand (AMoD) services that we are investigating in the next part.




2.2. Fleet Management for AMOD Services


Different studies have demonstrated the importance of AMoD’s fleet management for cost reduction [25] and the minimization of the customer waiting time [26]. Various rebalancing models have been developed in the literature with different assumptions and considerations. Numerous authors suggested solving the relocation problem while considering a grid network. They divide the operation area into blocks and calculate the imbalance of each block. After that, they send vehicles from surplus blocks to deficit blocks [27,28,29]. Other studies modeled the system as a graph network where the nodes represent the stations and the edges are the travel cost. This formulation is solved through linear or integer programming [25,30,31,32]. Some papers used a road network and divide the area into relocation regions [33,34]. Only a few papers are found where a real network (maps) is used [35,36]. This can be explained by the complexity of routing in real maps, which implies high computational times. In conclusion, the literature on the relocation of autonomous vehicles is extensive. However, due to the complexity of the problem, each study uses specific assumptions, which include the routing, the network type, and the demand. These assumptions affect the problem formulation and its resolution. In addition, to the best of our knowledge, all the papers in the literature have only considered either one or different periodic relocation strategies without studying the influence of the rebalancing parameters on their results and the difference between different types of relocation. Only one paper has compared the two different types of relocation (relocation between stations and relocation after rental) for an autonomous car-sharing system, but without including the impact of the periodic relocation frequency in the research [35].



The main contribution of this work is the analysis of different rebalancing types and frequencies for OSABS while considering the specificity of our system and testing for two different operational areas: the inner city and the complete city. We simulate its operation through an agent-based simulation in Anylogic with a real network (Open Street Maps) and using no down-sampling of the demand. The demand scenarios are generated based on realistic spatial and temporal demand patterns determined from real-world traveling data. This paper is considered as a continuity of the work done in [37] where we made a first comparison between the three relocation strategies for the inner city but without varying the rebalancing parameters. In this work, we extend the study by investigating the implication of the rebalancing frequency and comparing the various relocation types. In addition, we discuss the results for two different operational areas to conclude the best strategy for each scenario.





3. Methodology


As OSABS is an entirely new service and still under development, our methodology of choice is simulation. The simulation study provides fundamental knowledge about the interaction of various elements in complex real-world systems and enables the evaluation of system performance. According to [38], agent-based models (ABMs) are better than other simulation methods for simulating a complex system with interdependent entities such as mobility systems involving self-driving vehicles. A significant number of studies have used agent-based simulation to study autonomous vehicle fleet management and provide decision support to decision makers [38]. One of the main advantages of ABM is the ability to define the behavior of different system components at a detailed level through the use of state charts [39].



In this work, we used agent-based simulation to study OSABS because it allows incorporating different agents with different characteristics and preferences. An overview of the conceptual model is presented in Figure 1. The reader can refer to [40] for a detailed description of the conceptual model. As can be seen in the overview, the main components of the model are customers (created based on demand scenarios), bikes, and stations (waiting and charging stations). The interaction between the different components is handled by the management operator mainly through two algorithms: the matching algorithm that allows the assignment of bikes to customer requests and the rebalancing algorithm that redistributes the bikes among the different stations. Both algorithms use the output of the routing algorithm for optimization. The structure of the simulation model was developed to represent the real-world components of the system. As input, we provide the system with business data (such as capital costs and user fees) and demand scenarios in the form of an OD statistical distribution. On the output side, we can collect performance indicators (including service level, mileage traveled for rebalancing, and energy consumed for relocation) and statistics that allow us to evaluate the efficiency and profitability of the system.



As an operational area for the simulation model, we considered two different options as shown in Figure 2:




	
The inner city of Magdeburg, which contains 14 regions (only regions colored in red in Figure 2).



	
The complete city of Magdeburg, which contains 182 regions (all the regions presented in Figure 2).








In the following parts, we will describe in detail the input (mainly demand generation), the bike operation, and the fleet management of our simulation model.



3.1. Demand Generation


In the literature, several approaches are providing a framework for creating demand scenarios for conventional bike-sharing systems (e.g., [41,42,43]). However, most of them aim at predicting demand in already existing systems. Although some approaches can be used to model demand in urban areas where no bike-sharing system has yet been implemented (e.g., [44]), they cannot be transferred due to the differences between conventional bike-sharing systems and OSABS. We, therefore, provide an approach to determine the demand for the new mobility concept in a temporally and spatially disaggregated manner and apply this to the city of Magdeburg. In the first step, a survey on mobility needs in Magdeburg (n = 781) is evaluated by an interdisciplinary team of environmental psychologists and engineers concerning the city-wide usage potential of autonomous cargo bikes. Secondly, the resulting usage likelihood per average traffic day is disaggregated both spatially and temporally. For spatial disaggregation, we use existing traffic data provided by the municipality of Magdeburg in the form of origin-destination pairs (OD pairs) for four different modes of transport. The resulting demand is then temporally disaggregated, to enable the prediction of usage to the hour. For this purpose, we derive usage patterns from existing conventional bike-sharing systems and transfer them to the new system.




3.2. Bike Operation


The behavior of the bike is simulated according to the state chart shown in Figure 3. Each bike has several states that it should go through. Each state is activated when the previous transition is verified. At the beginning of the simulation, all the bikes are parked in the waiting station with full batteries. During the simulation, the bike can go through the following transitions and states:




	
Customer requests are generated based on an origin-destination schedule. The customer appears at a random location in the origin region, and a random location is assigned to the request in the destination region. The matching algorithm will assign the appropriate bike based on the energy consumption of the route ensuring a waiting time of less than 10 min. When a bike is assigned to the request, it travels autonomously to the customer.



	
When the bike reaches the origin location, it waits for the customer to arrive.



	
The customer picks up the bike and drives manually to the destination location using the manual mode.



	
Arriving at the destination, the customer parks the bike and locks it. Now, the bike is available again. The bike waits for one minute in the street to check if there are requests in the surrounding. If no request appears, the rebalancing after rental strategy sends the bike to a waiting station according to the upcoming demand. It is necessary to mention that we prioritize serving current requests over bike relocation. That means when the bike is in-route to the waiting station but a request appears nearby, then the bike is assigned to the customer request.



	
After each served request and when the bike is at the waiting station, we check the battery level. If it is below 20%, the bike should go for charging.



	
When the charging is done, we move the bike according to the rebalancing after rental strategy.



	
Each period T, the periodic rebalancing algorithm will check the imbalance between regions and move available bikes (at the street, in the waiting station, or on their way to a waiting station) according to the upcoming demand.









3.3. Fleet Management Strategies


The fleet management includes the assignment of bikes to customer requests and the relocation of idle bikes throughout the network. The matching algorithm works on a first-come-first-served (FCFS) basis. It checks for available bikes able to satisfy the customer’s request in less than 10 min. It assigns a suitable bike with less travel (energy consumption) costs. If there is no idle bike in the 10 min area, the request is rejected. In this section, we focus on the rebalancing algorithm. We differentiate between three relocation strategies:




	
“To any” strategy: It consists of calculating the imbalance of each region (the difference between the available bikes at the beginning of the period and the estimated number of required bikes to serve the demand for the next period) and then relocating idle bikes to regions with a negative imbalance from the nearest regions with positive imbalance.



	
“To vicinity” strategy: In this strategy, the idle bikes move only from regions with a positive imbalance to neighboring regions with a negative imbalance.



	
“Mixed” strategy: this strategy is a combination of the “to vicinity” and “to any” strategies. For regions with a significant imbalance (imbalance ≥ 5), we allow rebalancing from any region. However, for regions with a moderate imbalance (imbalance < 5), only rebalancing from neighboring regions is allowed.








For each rebalancing strategy, we can also differentiate between two types of relocation:




	
Periodic rebalancing (PR): it is performed periodically (for example, each 1 h). It consists of relocating idle bikes from a region with oversupply to undersupplied regions in its vicinity only. The priority is given to the region with the highest deficit in the neighborhood.



	
Rebalancing after rental (RaR): this relocation operation is performed after the customer leaves the bike. The bike remains in the customer destination region if it already has a negative imbalance. Otherwise, it moves to the region with the highest deficit in the vicinity. If no region in the neighborhood has a deficit, the bike is assigned to the waiting station of the destination region.








The objective of this paper is to compare these two rebalancing types by answering the following questions: Are they both necessary for the optimal functioning of the system or one type is sufficient? Which one performs better and on which frequency should it be done? What is the best rebalancing schema for each operational area? To answer these questions, we perform simulation tests and analyze the results.





4. Scenarios and Results


4.1. Simulatiom Settings


The agent-based simulation model is developed using Anylogic Professional 8.6 version. For a detailed description of the simulation testbed, readers can refer to [45]. We run the experiments using a computer Intel(R) i9 CPU @2.40 GHz with 32.0 GB of RAM. We simulate a typical weekday in the city of Magdeburg with a very high demand scenario (38,965 requests for the complete city and 9100 requests for the inner city). For the bike routing in the simulation, we have developed a custom routing solution with Graphhopper instead of using Anylogic’s in-built routing. Graphhopper is an open-source java routing engine that parses OpenStreetMap data and calculates the shortest path between two coordinates [46]. It allows creating custom routing profiles and changing the weight function of the route. As our bike has specific characteristics (speed, type of route where it can drive) and can drive with different modes, we have developed two routing profiles in Graphhopper, one for the autonomous mode and one for the manual mode.




4.2. Scenario Description


In this work, we aim to compare the impact of the periodic rebalancing and the rebalancing after rental on the performance indicators, while varying the rebalancing frequency for two different operational areas. The rebalancing frequency mainly affects the periodic rebalancing. Therefore, we will first compare the different relocation types with a rebalancing frequency of 1 h intervals as the demand generation and prediction is determined on an hourly basis. After that, we will test with different rebalancing frequencies for the periodic relocation. We compare all the results to a base case where no rebalancing operation is performed (there is no periodic rebalancing and after rental, the bike goes to the nearest waiting station). For each scenario, we run several tests to determine the minimum fleet size required for ensuring an hourly service level above 94%. We compare the results of different scenarios with their minimum fleet size.



We evaluate the different scenarios based on the following set of performance indicators:




	
Global service level: percentage of satisfied customers from the beginning of the simulation.



	
Hourly service level: the service level for each hour during the day. It is mainly used to evaluate the service level during peak hours, which should be above 94% for OSABS.



	
Number of bikes: minimum number of bikes required to ensure 94% hourly service level.



	
Empty vehicle mileage traveled (VMT) for rebalancing: total mileage traveled to relocate bikes in km.



	
Energy consumption for rebalancing: the energy consumed for rebalancing operation in kWh.









4.3. Inner City Results


4.3.1. One Hour Rebalancing Interval


In Table 1, we present the minimum number of bikes needed to achieve the 94% hourly service level (SL) and the global service level of the corresponding scenario. We compare the rebalancing distance and the rebalancing energy for each relocation type and 1 h rebalancing frequency, respectively, in Figure 4 and Figure 5.



As we can observe, the three rebalancing strategies require a similar number of bikes for the different relocation types. Nevertheless, there is a slight difference in the effort made to achieve the needed service level, as seen in the relocation distance and energy values in Figure 4 and Figure 5. These results confirm the finding of the previous study [37] where we had very similar service levels for the (PR + RaR) case of the three relocation strategies. A new finding for this paper is that the strategies where rebalancing after rental (RaR) is applied required the least number of bikes. One straightforward conclusion is that relocating bikes after use is essential for OSABS to guarantee system efficiency. We also remark that the difference between “PR + RR” and “RaR” is very slight in terms of global service level with the same number of bikes. We can conclude that applying a periodic relocation with the relocation after the rental strategy has no benefits on the service level. Furthermore, we remark that the number of bikes needed for the “PR” rebalancing is quite important. Therefore, we will reduce the rebalancing interval for the periodic relocation and evaluate the results.



As expected, the highest values of energy consumption and idle VMT are for the combination scenario (PR + RaR) of the “to any” strategy. The values for the (RaR) cases are also high while the periodic rebalancing values could be compared to those of the “no rebalancing” case. Of the three relocation strategies, the “to vicinity” scenarios have the least energy consumption. In conclusion, we can say that the relocation after rental for the “to vicinity” strategy gives the best system performance with lower energy consumption and idle VMT compared to the combination scenario. Thus, implementing the two types of relocation has no benefits. In addition, the periodic relocation improves the system performance with a low increase in resource use compared to the “no rebalancing” case.




4.3.2. Variation of Rebalancing Frequency


As we have observed in the previous experiments, periodic rebalancing (PR) has poor performance compared to relocation after rental (RaR). Therefore, we aim to increase the periodic rebalancing frequency and study its impact on system efficiency. We have tested for two additional rebalancing intervals: 10 min (which corresponds to the average rent duration of OSABS) and 30 min (as an in-between value between 1 h and 10 min) and we compare the results with the 1 h rebalancing case. In Table 2, we present the minimum number of bikes for 94% hourly service level and the global service level for the different scenarios of various rebalancing frequencies and we compare the results to the (RaR) case where we had the best system performance. In Figure 6 and Figure 7, we present respectively the rebalancing VMT and the energy consumption.



As shown in Table 2, the number of bikes has considerably decreased when we increase the rebalancing frequency. For the 10 min rebalancing interval, we have very close results to the (RaR) case with only one bike difference and a slight surpass for the (RaR) in the service level. However, we can also observe that the distance traveled and the energy consumption are lower for the 10 min (PR) than (RaR). Among the different scenarios, we obtain the least energy consumption and the best service level when applying the “to vicinity” strategy. Therefore, we can conclude that it is the most efficient relocation strategy for OSABS in the inner city.





4.4. Complete City Results


4.4.1. One Hour Rebalancing Interval


In Table 3, we present the minimum number of bikes needed to achieve the 94% hourly service level (SL) and the global service level of the corresponding scenario. We compare the rebalancing distance and the rebalancing energy for each relocation type, considering 1 h rebalancing frequency, respectively, in Figure 8 and Figure 9.



Unlike the inner city scenario, the to-vicinity strategy has the worst performance among the three relocation strategies. The (PR) case leads to an increase in the number of bikes in the system, by approx. 4% for the “to any” strategy compared to (RaR), 14% for the mixed strategy, and 19% for the “to vicinity” strategy. We also notice that the combined scenario (PR + RaR) leads to barely better results compared to the (RaR) case, mainly for the “to any” and “mixed” strategies, while it has no effect on the “to vicinity” strategy. We also observe that the “mixed” strategy outperforms the “to any” rebalancing mainly for the (RaR) and (PR + RaR) cases, while the “to any” strategy gives better results for the (PR) case. This could be explained by the fact that the “to any” strategy entails excessive rebalancing and thereafter high energy consumption. This leads to low battery levels and the necessity to go for charging, which results in a decrease in the bike availability and service level.



By analyzing the idle mileage traveled and the energy consumption, we can conclude that the “mixed” strategy achieves the best performance. It has comparable values to the “no rebalancing” case and, in some cases, it consumes less energy than the “to vicinity” strategy. We also notice the trade-off between energy consumption and the decrease in the number of bikes. For the (PR + RaR) case, it leads to a higher resource use compared to the (RaR) case. A financial analysis should indicate whether it is worthy to use a combined scenario to slightly reduce the number of bikes while increasing the idle energy consumption. For the “to any” strategy, the only scenario that could be compared to the other rebalancing strategies in terms of energy consumption is the (PR) case. However, it requires a quite high number of bikes compared to the (RaR) and (PR + RaR) cases of the “mixed” strategy and where we have approximately the same energy consumption.




4.4.2. Variation of Rebalancing Frequency


For the complete city, we have also tested for the two rebalancing intervals: 10 min and 30 min. However, we will compare the results to the (PR + RaR) case as it resulted in the minimum number of bikes with a low increase in resource use compared to the (RaR) case. In Table 4, we present the minimum number of bikes for 94% hourly service level and the global service level for the different scenarios. We illustrate the rebalancing VMT and the energy consumption, respectively, in Figure 10 and Figure 11.



The results indicate that increasing the periodic rebalancing frequency could lead to a significant decrease in the number of bikes. For a periodic rebalancing every 10 min with the “to any” strategy, the performance indicators’ output surpasses the (PR + RaR) case. It leads to fewer bikes and a decrease of 33% in energy consumption. However, we still have the best system performance with the “mixed” (PR + RaR) case.






5. Discussion


This paper addresses the rebalancing problem for OSABS specifically and for AMoD services in general. We investigated how the rebalancing performance is affected by the operational area, the relocation type, and the frequency applied. The results collected with numerical experiments for the city of Magdeburg, Germany, provide detailed insights into how the fleet size, operational costs, and service levels develop under scenarios of different rebalancing configurations.



First, we show that the optimal choice of the fleet rebalancing strategy is strongly associated with the service area. For the inner city, the service operates in a small area and the demand imbalance between the different regions is low. Therefore, the “to vicinity” strategy has proved to ensure the best system performance with the lowest resource use. However, when we consider the complete city, we have a significant demand imbalance between the regions, and the service area is large. Thus, relocating bikes only from the vicinity could not allow adjusting the imbalance. These results confirm the fact that rebalancing operation is more crucial for suburban areas. It allows a considerable reduction in the fleet size reducing by this the investment and operations costs. Therefore, OSABS is presented as an innovative solution for connecting suburban areas to the inner city. One disadvantage of conventional bike-sharing is that it mainly operates in the inner city because of the inefficiency of the service for the rural areas. The major barriers to the use of CBS in suburban areas are the high prices of a bike rent (as a result of high rebalancing efforts), the need to transport children, and the unavailability of bike stations which results in a long distance between the customer location and a station [47]. Thanks to autonomous driving, OSABS bikes could drive to the customer location and perform proactive rebalancing allowing a high system efficiency with minimal costs. In addition, users can transport their children on the cargo bike. We believe that OSABS could present a viable mobility solution in suburban areas. Considering that people who live in rural areas are more likely to decrease car usage than those living in urban areas [48], the introduction of autonomous cargo bikes in suburban and rural areas could boost a modal shift from cars to bikes.



Second, we can conclude that, in most cases, (RaR) performs better than (PR). As we do not include the customer destination prediction in our rebalancing problem, it is hard to relocate bikes efficiently for 1 h or 30 min intervals. Considering a 10 min average rent duration, the bikes will move unpredictably around the network just after 10 min of the periodic rebalancing, canceling the relocation effect. However, the prediction of the customer destination will add more uncertainty to the model and could not be completely reliable. Therefore, (RaR) remains a better solution than (PR) because it allows real-time rebalancing and adjusts continuously the imbalance value after each customer request. Nevertheless, (PR) could help in moving bikes from areas where demand is rare or irregular. Therefore, we found that combining (PR) with (RaR) leads to system efficiency improvement for the complete city scenario. Unlike the results of [35] where (PR) was found unnecessary for autonomous cars, these results recommend adding (PR), especially for a large area where the imbalance between the different regions is significant.



Third, a conclusion that we can suggest is that our system outperforms the rebalancing of CBSS. The periodic rebalancing could be compared to the operator-based relocation done by the trucks. While this relocation is not frequent (generally static or only during peak hours), it is not efficient compared to the rebalancing after rental. Thus, with the autonomous driving option, our system improves considerably the system efficiency by decreasing the required number of bikes in the system. From a life cycle perspective, the embodied emissions and energy consumption in bike production should not be neglected. Producing an excessive number of bikes leads to a large waste of energy and generates enormous GHG emissions [49]. Therefore, it is important to reduce the number of bikes in the system and ensure optimized use of the fleet. In addition, the use of trucks for rebalancing in CBS leads to fuel consumption and gas emissions [50]. With OSABS, there is no need for trucks to relocate bikes. This way, the bike rebalancing operation becomes more sustainable, with no gas emissions and less congestion compared to conventional systems. The assessment of OSABS benefits and the evaluation of rebalancing strategy need to be assessed by life cycle assessment (LCA) in future work [51,52] for a better comparison between OSABS and CBS.



Fourth, the experiment’s results indicate that excessive rebalancing does not necessarily lead to better system performance. An overuse of bikes for relocation could lead to frequent battery charging and reduce the bikes’ availability. These results highlight the importance of jointly optimizing the rebalancing and the charging operation. Implementing an adequate charging strategy has a high impact on the performance of the system [29]. More research is needed to develop an advanced model integrating rebalancing with a charging policy.



Fifth, we believe that these results could be better evaluated if we consider the costs associated with the bike investment and energy consumption. While it is hard to give precise values at this stage of research, we will evaluate the results according to first estimations based on our talks with industry experts and our best knowledge of the market price [37]. Table 5 presents the cost assumptions of our study.



Using the above costs, we calculate the energy and investment costs for the two scenarios “mixed (RaR)” and “mixed (PR + RaR)”. We obtained the following results presented in Table 6.



As we can see, the total costs for the combined case are less than the (RaR) case. In fact, for OSABS, the major costs are related to the investment costs. Therefore, reducing the number of bikes leads to fewer costs even if it is associated with a slight increase in energy consumption. In addition, considering that the service level of the combined scenario is higher, then it leads absolutely to higher profits. Nevertheless, in this work, we do not take into account the impact of demand uncertainty on the rebalancing performances as in [53]. A system with a small increase in the number of bikes could lead to more stable results in an uncertain environment.




6. Conclusions


This paper investigates the influence of rebalancing type, frequency, and service area on the performance indicators of an autonomous on-demand mobility system. Autonomous vehicles allow for two rebalancing options: periodic rebalancing and rebalancing after rental. The results reveal the trade-offs between decreasing fleet size and increasing energy consumption. Although the combined strategy ensures a minimal number of bikes in the system, it results in an increase in idle mileage and energy consumption. However, the reduction in fleet size results in significant financial benefits through lower capital investment, lower overall energy consumption, and reduced maintenance costs. Periodic relocation uses few resources and could yield satisfactory results if implemented with adequate frequency, as is the case for the 10-min “to any” scenario. The relationship between fleet size and energy consumption is not linear and cannot be specified by a ratio. The model has various constraints that make the interaction between the different elements unpredictable. The main constraint is that we use batteries for our bicycles, and excessive use of the bicycles could lead to their unavailability during peak hours and thus deteriorate the performance of the system (as is the case for the “to any (PR + RaR)” strategy). In addition, we have the 10 min constraint for assigning bikes to requests. Furthermore, the trade-off depends heavily on the rebalancing strategy implemented. While a 9.79% increase in rebalancing energy compared to the “no rebalancing” case decreased the fleet size by 39.46% for the “mixed (RaR)” strategy, it took a 108.97% increase in rebalancing energy to decrease the fleet size by 38.38% for the “to any (RaR)” strategy. These results show that some rebalancing operations can use high resources for little improvement in system efficiency and service level. Therefore, it would be recommended to use a dynamic pricing scheme for OSABS, where requests that require more rebalancing miles are penalized.



As a recommendation for decision makers, we could suggest implementing the mixed rebalancing strategy for relocation after rental and periodic relocation considering a frequency of one hour. The mixed strategy performed best for the full city scenario. For the inner city area, it is very close to the “to vicinity” strategy in terms of energy consumption and service level and requires exactly the same number of bikes. Therefore, the mixed strategy is the best strategy to implement for both scenarios by providing efficient system rebalancing with minimized costs.



The results of this work should be considered with caution due to a set of limitations that merit improvement in future works. We are simulating only one demand scenario for one day and we are missing the impact of the demand variation on rebalancing performance. Further research aims to investigate the likelihood of results with other cities and various magnitude demands. The design of an extended model with a one-year simulation and different demand scenarios (from low to high) is under development.
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The following abbreviations are used in this manuscript:



	OSABS
	On-demand Shared-use Autonomous Bikes Service



	AMoD
	Autonomous Mobility on-Demand



	CBSS
	Conventional Bike-Sharing System



	OBR
	Operator-Based Rebalancing



	UBR
	User-Based Rebalancing



	SRP
	Static Repositioning Problem



	DRP
	Dynamic Repositioning Problem



	ABM
	Agent Based Models



	PR
	Periodic Rebalancing



	RaR
	Relocation after Rental



	SL
	Service Level



	HSL
	Hourly Service Level



	VMT
	Vehicle Mileage Traveled
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Figure 1. The simulation conceptual model. 
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Figure 2. The statistical regions of Magdeburg. 
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Figure 3. The The bike state chart. 
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Figure 4. Variation of idle VMT. 
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Figure 5. Variation of rebalancing energy consumption. 
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Figure 6. Variation of the idle VMT for different rebalancing frequencies (Inner city scenario). 
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Figure 7. Variation of the rebalancing energy consumption for different rebalancing frequencies (Inner city scenario). 
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Figure 8. Variation of idle VMT for the complete city. 
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Figure 9. Variation of the rebalancing energy consumption for the complete city. 
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Figure 10. Variation of the idle VMT for different rebalancing frequencies (complete city scenario). 
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Figure 11. Variation of the rebalancing energy consumption for different rebalancing frequencies (complete city scenario). 
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Table 1. The minimum number of bikes for 94% hourly SL and the corresponding global SL.
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	Relocation Strategy
	Relocation Type
	Minimum Number of Bikes
	Global Service Level





	
	PR
	117
	97.88



	To any
	RaR
	110
	98.13



	
	PR + RaR
	110
	98.2



	
	PR
	117
	97.695



	To vicinity
	RaR
	110
	98.6



	
	PR + RaR
	110
	98.61



	
	PR
	117
	97.48



	Mixed
	RaR
	110
	97.57



	
	PR + RaR
	110
	98.08



	No rebalancing
	
	127
	97.48
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Table 2. The number of bikes and the global SL for different rebalancing frequencies (Inner city scenario).
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PR-1 Hour

	
PR-30 Minutes

	
PR-10 Minutes

	
(RaR)




	
Relocation Strategy

	
Number of Bikes

	
SL

	
Number of Bikes

	
SL

	
Number of Bikes

	
SL

	
Number of Bikes

	
SL






	
To any

	
117

	
97.88

	
114

	
97.91

	
111

	
97.99

	
110

	
98.13




	
To vicinity

	
117

	
97.69

	
114

	
97.36

	
111

	
98.28

	
110

	
98.59




	
Mixed

	
117

	
97.476

	
114

	
97.53

	
111

	
97.53

	
110

	
97.567
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Table 3. The minimum number of bikes for 94% hourly SL and the corresponding global SL for the complete city.
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	Relocation Strategy
	Relocation Type
	Minimum Number of Bikes
	Global Service Level





	
	PR
	474
	96.71



	To any
	RaR
	456
	97.16



	
	PR + RaR
	446
	96.71



	
	PR
	650
	96.62



	To vicinity
	RaR
	544
	97.1



	
	PR + RaR
	544
	97.47



	
	PR
	546
	96.53



	Mixed
	RaR
	448
	95.87



	
	PR + RaR
	440
	96.31



	No rebalancing
	
	740
	96.99
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Table 4. The number of bikes and the global SL for different rebalancing frequencies (complete city scenario).
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PR-1 Hour

	
PR-30 Minutes

	
PR-10 Minutes

	
(PR + RaR)




	
Relocation Strategy

	
Number of Bikes

	
SL

	
Number of Bikes

	
SL

	
Number of Bikes

	
SL

	
Number of Bikes

	
SL






	
To any

	
474

	
96.71

	
456

	
96.58

	
444

	
97.25

	
446

	
97.45




	
To vicinity

	
650

	
96.62

	
564

	
96.64

	
562

	
96.91

	
544

	
97.47




	
Mixed

	
546

	
96.53

	
524

	
96.23

	
510

	
96.63

	
440

	
96.31
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Table 5. Cost assumptions [37].
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	Bike Capital
	Bike Maintenance
	Charging Station Implementation
	Charging Station Maintenance
	Electricity (per kWh)





	Costs in EUR
	EUR 30,000
	300 EUR/month
	EUR 45,000
	150 EUR/month
	0.3 EUR/kWh



	Costs per hour in EUR
	EUR 0.856
	EUR 0.417
	EUR 0.514
	EUR 0.208
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Table 6. Cost calculation for the simulated day.
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	Bike Investment
	Station Investment
	Maintenance Costs
	Energy Costs
	Total Costs





	Mixed (RaR)
	EUR 9205.48
	EUR 438.35
	EUR 4636.8
	EUR 1997.1
	EUR 16,277.73



	Mixed (PR + RaR)
	EUR 9041.09
	EUR 438.35
	EUR 4556.16
	EUR2053.86
	EUR 16,089.48
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