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Method and system of vehicle rebalancing for vehicle fleet
technical field
The invention relates to vehicle fleet management. Specifically, the invention relates to method and system of vehicle rebalancing for a fleet of vehicles for shared use at a plurality of stations.
background
There is a shift from vehicle ownership to vehicle rental in order to reduce the number of vehicles on the road and potentially reduce overall pollution due to a large number of vehicles on the road. An example of a vehicle rental system is a station-based vehicle system that allows users to pick up a vehicle at a departure station and then return the vehicle at a destination station. As users are able to pick up and return vehicles at different stations, such station-based vehicle systems often suffer from spatial-temporal supply-demand imbalance due to a disparity in the popularity of stations. For example, there may not be any vehicles at stations where users need them while, at the same time, there may be idle standing vehicles at other stations. The spatial-temporal supply-demand imbalance thus leads to sub-optimal or inefficient fleet utilisation, as well as long waiting times for the customers and unmet demands, thereby potentially reducing the attractiveness of vehicle rental as a viable alternative to vehicle ownership.
In order to alleviate or reduce the spatial-temporal supply-demand imbalance, one method developed to control the vehicle distribution among stations involves moving idle standing vehicles from stations with low demand to stations with high demand, also known as vehicle rebalancing. Models for vehicle rebalancing determine which idle standing vehicles should be removed from where they are currently parked, and which station such idle standing vehicles should be moved to. 
Effective vehicle rebalancing relies on accurate prediction of future spatial and temporal demand and supply levels in each station. Existing methods have mainly focused on developing deterministic vehicle rebalancing optimisation models that calculate the rebalancing decisions by using actual values of future supply and demand levels. Generally, existing models assume that upcoming demands are known or can be easily estimated, wherein estimations are based on simplistic assumptions such as that the demand follows a homogeneous Poisson process. However, in real world applications, demand is often affected by various factors such as weather, time of day, and day of the week. In addition, existing models also do not incorporate the expected time of arrival and expected energy level predictions for each vehicle of the fleet, which are critical for forecasting the net supply of vehicles at each station. Furthermore, existing vehicle rebalancing models are not explicitly designed to account for vehicle-level attributes such as its charge or fuel level, historic usage, battery degradation level and condition of the car when determining vehicle rebalancing decisions. Such vehicle-level attributes may be important to ensure proper charge planning and degradation minimisation due to overutilisation of a subset of the fleet. Existing vehicle rebalancing methods also use techniques to dispatch the vehicles in proportion to either current or future demands with the objective of minimizing the gap between the supply-demand ratio among all the stations, which may lead to incessant rebalancing and result in higher operational costs.
summary
It is the object of the disclosure to have an improved vehicle rebalancing model and system that accounts for important real-world environmental factors in order to determine better vehicle rebalancing decisions that may improve utilisation of the fleet of vehicles, including the vehicle utilisation rate and overall longevity of the vehicles of the fleet of vehicles. 
The object is achieved by the subject matter of the independent claims. Preferred embodiments are subject-matter of the dependent claims. 
It shall be noted that all embodiments of the present disclosure concerning a method or a series of performed steps might be carried out with the order of the steps as described, nevertheless this has not to be the only and essential order of the steps of the method. The herein presented methods or series of performed steps can be carried out with another order of the disclosed steps without departing from the respective method embodiment, unless explicitly mentioned to the contrary hereinafter.
To solve the above technical problems, the present disclosure provides a method for rebalancing a fleet of vehicles for shared use at a plurality of stations over a planning horizon, the method comprising:
a) obtaining a current state of each idle vehicle of the fleet of vehicles, a current state of each en route vehicle of the fleet of vehicles, parking information on the plurality of stations, and historic information;
b) determining a set of feasible rebalancing decisions based on the current state of each idle vehicle of the fleet of vehicles;
c) determining a net number of available parking lots at each station based on the parking information on the plurality of stations;
d) predicting, using a supply prediction model, a number of en route vehicles that will become available idle vehicles at each station within the planning horizon based on the current state of each en route vehicle, wherein an available idle vehicle is a vehicle at a station with an energy level above a predefined threshold;
e) predicting, using a demand prediction model, a user demand at each station over the planning horizon based at least on the historic information, wherein the user demand comprises a number of vehicle requests;
f) generating a vehicle rebalancing decision comprising one or more vehicle movement operations between stations during the planning horizon, wherein the vehicle rebalancing decision is generated based at least on the set of feasible rebalancing decisions, the predicted number of en route vehicles that will become available idle vehicles within the planning horizon, and the predicted user demand at each station over the planning horizon; and
g) carrying out the vehicle rebalancing decision by moving one or more of the idle vehicles based on the vehicle movement operations.
The method of the present disclosure is advantageous over known methods as the vehicle rebalancing decisions generated and implemented may lead to more optimal fleet utilization. The supply prediction model determines the number of en route vehicles that will become available idle vehicles, which may lead to a more optimal prediction of vehicle supply. As the demand prediction model predicts a user demand based on historic information, various real-world factors that affect demand such as weather, time of day, day of week, etc., may be accounted for, which may lead to a more optimal prediction of upcoming demands. The more optimal prediction of vehicle supply and demand may therefore lead to better vehicle rebalancing decisions that comprise minimal vehicle movement operations as compared to prior art which may potentially lead to better fleet vehicle utilization, reduced number of vehicle movement operations, and fleet vehicle maintenance (e.g., through better charge planning and reduced degradation due to over-utilization) while achieving more optimal vehicle rebalancing with reduced operational costs and effort while better ensuring vehicle availability for users in the near future (i.e., within a specific planning horizon).
A preferred method of the present disclosure is a method as described above, wherein the current state of each idle vehicle comprises a current location and current energy level, and the current state of each en route vehicle comprises a current position, a destination station, vehicle dynamics, and current energy level of each en route vehicle of the fleet of vehicles.
The above-described aspect of the present disclosure has the advantage that the generated vehicle rebalancing decision may lead to better fleet utilisation and fleet vehicle maintenance as the listed factors all contribute to a potentially more accurate predicted vehicle supply and predicted vehicle demand to be accounted for when generating vehicle rebalancing decisions.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein the net number of available parking lots is determined based on a number of available parking lots, a number of reserved parking lots, and a number of occupied parking lots.
The above-described aspect of the present disclosure has the advantage that by account for all situations of the parking lots, the vehicle rebalancing decisions may be constrained only to vehicle movement operations that are feasible (i.e., movements to stations that will have parking lots available for the vehicle upon arrival).
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein the historic information comprises information on historic user demand and covariate information.
The above-described aspect of the present disclosure has the advantage that the inclusion of covariate information (i.e., any information or variables that may help in predicting user demand) may contribute to a potentially more accurate predicted vehicle demand to be accounted for when generating vehicle rebalancing decisions.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step d) comprises:
predicting, for each en route vehicle, an estimated time of arrival at its respective destination station and an estimated energy level when arriving at its respective destination based on the current state of each en route vehicle; and
determining a number of en route vehicles that will become available idle vehicles within the planning horizon based on the estimated time of arrival and estimated energy level.
The above-described aspect of the present disclosure has the advantage that the two factors of estimated arrival time and estimated energy level may lead to a better reflection of vehicle supply over the planning horizon. The estimated arrival time ensures that the vehicle will be at the station over the planning horizon, and the estimated energy level ensures that the vehicle has sufficient energy (whether charge or fuel) to be available for use during the planning horizon. The inclusion of both factors may contribute to a potentially more accurate predicted vehicle supply to be accounted for when generating vehicle rebalancing decisions.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein predicting the estimated time of arrival of each en route vehicle at its destination station comprises:
predicting, using a trained model, a trip duration based at least on a current time, current day of week, current position, destination station, shortest distance between current position and destination station, and a minimum travel time between current position and destination station; and
predicting the estimated time of arrival based on the current time and the predicted trip duration.
The above-described aspect of the present disclosure has the advantage that the prediction of estimated arrival time accounts for various factors that affect travel time (endogenous and exogeneous factors), which may lead to a better prediction of estimated arrival time, which in turn contributes to a potentially more accurate predicted vehicle supply to be accounted for when generating vehicle rebalancing decisions.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein predicting the estimated energy level of each en route vehicle when arriving at its destination station comprises:
predicting, using a trained model, an energy usage based at least on the predicted trip duration and vehicle dynamics of the en route vehicle; and
predicting the estimated energy level based on a current energy level and the predicted energy usage.
The above-described aspect of the present disclosure has the advantage that the determination of energy usage accounts for various factors that affect vehicle energy usage (endogenous and exogeneous factors), which may lead to a better prediction of energy level of vehicle upon arrival at its destination, which in turn contributes to a potentially more accurate predicted vehicle supply to be accounted for when generating vehicle rebalancing decisions. 
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step d) is further based on whether the en route vehicle is occupied by a user or is in use as part of a previous vehicle rebalancing decision.
The above-described aspect of the present disclosure has the advantage that the estimated arrival time and estimated vehicle energy may be more accurate as vehicles driven by users are likely to have differing arrival times and energy usage as compared to vehicles driven as part of a previous vehicle rebalancing decision as users may take detours and may not take the shortest and most efficient route from their origin station to their destination station. The more accurate estimated arrival time and estimated vehicle energy may contribute to a potentially more accurate predicted vehicle supply to be accounted for when generating vehicle rebalancing decisions. 
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step d) is further based on:
a vehicle battery or fuel engine state-of-health of the en route vehicle;
a traffic condition between a current position of the en route vehicle and its destination station;
a driving style profile of a user operating the en route vehicle; and/or
contextual information of a surrounding of the en route vehicle.
The above-described aspect of the present disclosure has the advantage that because the listed factors all contribute to travel time and/or energy usage, inclusion of these factors may contribute to a potentially more accurate predicted vehicle supply to be accounted for when generating vehicle rebalancing decisions.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step e) of predicting a user demand comprises using a demand prediction model comprising a core regressor, preferably gradient boosting algorithm.
The above-described aspect of the present disclosure has the advantage that a regressor, in particular gradient boosting, is capable of effectively handling a mix of categorical and continuous features and is inherently robust against overfitting, which may advantageously be applicable to a wide variety of situations.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein the demand prediction model is validated with walk-forward validation.
The above-described aspect of the present disclosure has the advantage that a walk-forward validation strategy emulates real-world forecasting scenarios, thereby potentially ensuring a pragmatic context for evaluating model performance. In addition, walk-forward validation strategy is particularly advantageous in the context of time series forecasting situations such as the present method as it preserves the temporal sequence of observations, effectively circumventing potential data leakage issues.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step e) of predicting a user demand at each station over a planning horizon is further based on a forecasted weather condition, the number of available idle vehicles currently at each station, the predicted number of en route vehicles that will become available idle vehicles within the planning horizon.
The above-described aspect of the present disclosure has the advantage that because the listed factors all contribute to user demand, inclusion of these factors may contribute to a potentially more accurate predicted vehicle demand to be accounted for when generating vehicle rebalancing decisions.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step f) of generating a vehicle rebalancing decision comprises using a vehicle rebalancing model wherein the vehicle rebalancing model seeks to maximise an expected vehicle utilisation and a rebalancing affinity of idle vehicles.
The above-described aspect of the present disclosure has the advantage that the vehicle rebalancing decision model may generate more optimal vehicle rebalancing decisions that may maximise an expected vehicle or fleet utilisation, while accounting for other considerations though the use of a rebalancing affinity.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein step f) of generating a vehicle rebalancing decision is further based on a historic usage of each vehicle and/or a battery or fuel engine state-of-health of each vehicle.
The above-described aspect of the present disclosure has the advantage that because the listed factors all contribute vehicle health and utilisation, inclusion of these factors may contribute to a potentially better vehicle rebalancing decision that utilises the vehicles of the fleet more efficiently without overuse which may lead to degradation of certain vehicles at a faster rate than other vehicles.
A preferred method of the present disclosure is a method as described above or as described above as preferred, wherein the vehicle movement operations are selected from a decision set comprising vehicle movement operations wherein a rebalanced vehicle is estimated to able to arrive at its destination station within the planning horizon, and an estimated energy level of the rebalanced vehicle when arriving at its destination station is above a predetermined threshold.
The above-described aspect of the present disclosure has the advantage that the constraints of the decision set ensures that the rebalanced vehicles are able to arrive at their destination station within the planning horizon with sufficient energy level to be used to meet the predicted user demand at the destination station.
In some embodiments, the mobility-on-demand system may comprise N stations, which are represented by set S. Each station  has a finite station capacity to hold the supply units (vehicles). In some embodiments, each vehicle is parked in a slot that has a charging infrastructure. Under normal conditions, the supply units stay parked in the stations unless they are scheduled to serve a request. Scheduling here implies transporting a user from station  to station . Customers arrive at the stations in a batch and leave the system if they are not served. Time is discretized into buckets which are hereafter called as the timeslots. K denotes a set of all the timeslots and each timeslot  is 1 min long, e.g., xx:00:00-xx:01:00 denotes one timeslot. The choice of timeslot duration may be defined based on the scheduling rate and expected patience level of customers. In contemporary mobility-on-demand systems the customers generally have a low patience level and are unlikely to wait for too long before moving to other platforms. Therefore, if the demands are not served within 1 min, the customers are likely to leave the system. It is contemplated that the scheduling model is not limited by the timeslot duration and would work for other durations as well. In general, in the decision making process, the scheduling process may be carried out in each timeslot, while vehicle rebalancing may take place over a defined period of timeslots that are collectively denoted by horizon window or planning horizon H.
In some embodiments, the vehicle rebalancing system may comprise four main elements: a state sensing system, a demand forecasting system, a supply forecasting system, and a vehicle rebalancing system.
The state sensing system may comprise three components: (i) location and energy level of idle vehicles; (ii) position and energy level of en route vehicles; and (iii) empty parking lots in each station. The state sensing system may sense the above-mentioned components by making calls to the fleet operator’s application programming interface (API).
The demand forecasting system may predict the number of requests that are expected to appear at each station in the planning horizon, using a demand prediction model that may utilise streaming data of demand, supply, and weather to quantify uncertainties through probabilistic predictions. The demand prediction model may be able to perform both single and multiple station predictions to learn both local and global patterns, thereby enhancing the predictions. Integration with the rebalancing system may enable a feedback mechanism to account for the impact of rebalancing control signals on demand, thereby potentially resulting in the overall rebalancing system operating in a stable and reliable manner.
The supply forecasting system may predict the number of idle vehicles that are expected to be available at each station in the planning horizon. The forecasted supply level may constitute both the currently idle vehicles and the en route vehicles that are expected to become idle in the planning horizon. The effective supply level at each station may only comprise vehicles that have sufficient energy level. The effective number of en route vehicles that are expected to be idle vehicles at a station is determined using two sub-systems: (i) an expected time of arrival system configured to predict the expected time of arrival of the en route vehicles at their respective destination stations; and (ii) an expected energy level prediction system configured to predict the expected energy level of the en route vehicles when they reach their respective destination station. Factors that may be considered for the supply forecasting system include vehicle battery model, traffic condition, and vehicle dynamics (for understanding the average speed, acceleration, and jerk) between two stations, driver’s driving style profile, and the ambient condition (that are accounted for energy loss and other non-driving energy consumption). Such factors may be included with the hybridisation of machine learning and mathematical models that may be utilised for better supply forecasting for devising a more reliable and resilient vehicle rebalancing system.
The vehicle rebalancing model and system may generate an optimal vehicle rebalancing decision for idle vehicles taking into consideration the system state, upcoming supply, and upcoming demand forecast. The overall objective of the vehicle rebalancing system is to re-distribute the idle vehicles in such a way that high level of user demands may be served in the future. Such a vehicle rebalancing decision may be calculated while also taking into account various attributes associated with each vehicle, such as the energy level, vehicle usage, battery degradation, cleanliness, etc.
Brief description of the drawings
These and other features, aspects, and advantages will become better understood with regard to the following description, appended claims, and accompanying drawings where: 
Fig. 1 is a schematic illustration of a system for management of a fleet of vehicles for shared use at a plurality of stations, in accordance with embodiments of the present disclosure;
Fig. 2 is a schematic illustration of a method for rebalancing a fleet of vehicles for shared use at a plurality of stations over a planning horizon, in accordance with embodiments of the present disclosure; and
Fig. 3 is a schematic illustration of a method of predicting a number of en route vehicles that will become available idle vehicles at each station within the planning horizon, in accordance with embodiments of the present disclosure.
In the drawings, like parts are denoted by like reference numerals.
It should be appreciated by those skilled in the art that any block diagrams herein represent conceptual views of illustrative systems embodying the principles of the present subject matter. Similarly, it will be appreciated that any flow charts, flow diagrams, state transition diagrams, pseudo code, and the like represent various processes which may be substantially represented in computer readable medium and executed by a computer or processor, whether or not such computer or processor is explicitly shown.
detailed description
In the summary above, in this description, in the claims below, and in the accompanying drawings, reference is made to particular features (including method steps) of the disclosure. It is to be understood that the disclosure in this specification includes all possible combinations of such particular features. For example, where a particular feature is disclosed in the context of a particular aspect or embodiment of the disclosure, or a particular claim, that feature can also be used, to the extent possible, in combination with and/or in the context of other particular aspects and embodiments of the disclosure, and in the disclosure generally.
In the present document, the word “exemplary” is used herein to mean “serving as an example, instance, or illustration.” Any embodiment or implementation of the present subject matter described herein as “exemplary” is not necessarily be construed as preferred or advantageous over other embodiments. 
While the disclosure is susceptible to various modifications and alternative forms, specific embodiment thereof has been shown by way of example in the drawings and will be described in detail below. It should be understood, however that it is not intended to limit the disclosure to the forms disclosed, but on the contrary, the disclosure is to cover all modifications, equivalents, and alternative falling within the scope of the disclosure. 
Fig. 1 is a schematic illustration of a system 100 for management of a fleet of vehicles for shared use at a plurality of stations, in accordance with embodiments of the present disclosure. System 100 for management of a fleet of vehicles may comprise a fleet management system 102, wherein the fleet management system is connected (either wired or wireless) to a plurality of stations 1041–104n for users to pick up or drop off vehicles that are part of the fleet of vehicles. Each station may comprise one or more parking lots 108–112. In some embodiments, a station 104 may be defined by a physical boundary, such that all the parking lots 108–112 within the station 104 are located within a specific physical boundary, e.g., parking complex or parking area. In some embodiments, a station 104 may be defined by a geographical boundary (e.g., a grid area), such that parking lots 108–112 are scattered within the geographical boundary. In some embodiments, each parking lot 108–112 may be empty or may comprise an idle vehicle 114. In some embodiments, each idle vehicle 114 may be connected to fleet management system 102 through a network connection (not shown) to provide information to the fleet management system 102, including vehicle information such as a vehicle energy level, vehicle battery health or degradation level or capacity, vehicle usage history, and/or location information. In some embodiments, where the fleet of vehicles are electric vehicles (EVs), each station 1041–104n may comprise one or more charging stations 116–120, wherein each charging station 116–120 may be electrically connected to one or more idle vehicles 114 parked in the station 104.
In some embodiments, the station may comprise one or more parking lot occupancy detectors 122–126 configured to detect whether there is a vehicle present in the parking lots 108–112. In some embodiments, there may be one parking lot occupancy detector 122–126 for each parking lot 108–112. In some embodiments, there may be one parking lot occupancy detector 122–126 for the whole station 104. The parking lot occupancy detector 122–126 may any known detection sensor, including wireless magnetic sensors, ultrasonic sensors, radar sensors, infrared detector sensor, imaging sensors, weight sensors, or electrical connection detector. In some embodiments, the one or more charging station 116–120 and the one or more parking lot occupancy detectors 122–126 may be coupled (either wired or wireless) to the station 104 to provide information such as parking lot occupancy, and current charging output.
In some embodiments, fleet management system 102 may be connected to one or more en route vehicles 1281–128n through a network connection 130 to receive or obtain information from the one or more en route vehicles 1281–128n, including trip information and vehicle information such as a vehicle energy level, vehicle battery health or degradation level or capacity, position information, vehicle dynamics information (e.g., acceleration, jerk), and/or vehicle usage history. The one or more en route vehicles 1281–128n may be vehicles currently in use on the roads, and may either be occupied by a user, or is being moved between stations 1041–104n as part of a previous vehicle rebalancing decision. In some embodiments, fleet management system 102 may receive or obtain streaming data or information from en route vehicles 1281–128n through an API call at time intervals, for example at a sampling rate of 5 minutes. In some embodiments, fleet management system 102 may receive or obtain streaming data or information from en route vehicles 1281–128n through an API call at the beginning of each planning horizon H.
In some embodiments, fleet management system 102 may be connected to one or more third party data sources 132 through a network connection 134, which may be wired or wireless. The fleet management system 102 may receive or obtain information from the one or more third party data sources 132, including traffic information and weather information. Examples include receiving information using traffic prediction and weather prediction APIs. In some embodiments, fleet management system 102 may receive or obtain streaming data or information from third–party data sources 132 through a third party API call at the beginning of each planning horizon H. . 
In some embodiments, fleet management system 102 may be connected to one or more user devices 136 through a network connection 138. The fleet management system 102 may receive or obtain information from the one or more user devices, including trip information such as origin station information, destination station information origin–destination pair (OD pair), and user data such as a user identification number. 
In some embodiments, fleet management system 102 may comprise a database 140 configured to store information. Information stored on the database 140 may comprise user information such as a user profile or user driving style profile, historic information such as historic user demand, historic vehicle supply, historical weather conditions, as well as fleet vehicle information such as vehicle identification numbers, vehicle profiles, historic usage information of each vehicle, vehicle battery health or degradation level or capacity. Database 140 may also store information such as trip information, including times and dates of vehicle arrivals and departures from the plurality of stations 1041–104n.
In some embodiments, fleet management system 102 may comprise a communications module 142 configured to communicate with the one or more idle vehicles 1141–114n, the plurality of stations 1041–104n, the one or more en route vehicles 1281–128n, the one or more user devices 136, and/or the one or more third–party data sources 132. 
In some embodiments, fleet management system 102 may comprise a processing module 144 configured to process information received from the one or more idle vehicles 1141–114n, the plurality of stations 1041–104n, the one or more en route vehicles 1281–128n, the one or more user devices 136, and/or the one or more third–party data sources 132 to generate vehicle rebalancing decisions. 
Fig. 2 is a schematic illustration of a method 200 for rebalancing a fleet of vehicles for shared use at a plurality of stations over a planning horizon, in accordance with embodiments of the present disclosure. Method 200 may be carried out by system 100 for management of a fleet of vehicles for shared use at a plurality of stations. Method 200 may be carried out for a planning horizon H, such that the vehicle balancing decisions are carried out during the planning horizon to ensure sufficient vehicle supply for predicted user demand during the planning horizon. The planning horizon H may be any duration and may comprise a defined period of timeslots.
Method 200 for rebalancing a fleet of vehicles for shared use at a plurality of stations over a planning horizon may commence at step 204 wherein data is obtained or fetched. The data may be obtained or fetched from the one or more idle vehicles 1141–114n, the plurality of stations 1041–104n, the one or more en route vehicles 1281–128n, the one or more user devices 136, and/or the one or more third-party data sources 132. In some embodiments, the data may include a current state of each idle vehicle 114, a current state of each en route vehicle 128, parking information on the plurality of stations, and historic information. The current state of each idle vehicle 114 may comprise a current location and current energy level. The current state of each en route vehicle 128 may comprise a current position, a current energy level, and a destination station. The parking information on the plurality of stations may comprise information on a number of available parking lots, a number of reserved parking lots, and a number of occupied parking lots. The historic information may comprise information on historic user demand, historic vehicle supply, historic weather condition and/or covariate information. The data may also include information such as current traffic information.
Step 204 may comprise step 208 wherein a current state of each idle vehicle 1141–114n is obtained, step 212 wherein parking information on the plurality of stations 1041–104n is obtained, step 216 wherein a current state of each en route vehicle 1281–128n is obtained, and step 220 wherein historic information is obtained. 
In some embodiments, step 208 may comprise obtaining information on a current state of each idle vehicle 114 using the on-board telematics device on the idle vehicle. Current state of each vehicle may comprise at least a current location and a current energy level of the idle vehicle. In some embodiments, the location station may refer to the station 104 in which the idle vehicle 114 is parked. In some embodiments, the location may refer to any geographical coordinates which may be used by fleet management system 102 to determine a station 104 that the idle vehicle 114 is associated with or parked at. In some embodiments, the current energy level may refer to the state-of-charge (SoC) level of the idle vehicle 114 if the idle vehicle 114 is an electric vehicle (EV), or the fuel level of the idle vehicle 114 if the idle vehicle 114 is an internal combustion (IC) vehicle. In some embodiments, the current state of the idle vehicles 1141–114n may be stored in an information table. For example, the information table may comprise column headers including a vehicle identification number, a station identification number, and an energy level (e.g., in %).
In some embodiments, step 212 may comprise obtaining parking information on the plurality of stations 1041–104n. Parking information may be obtained based on information from the on-board telematics device on the idle vehicles 114, the on-board telematics device on the en route vehicles 128, reservation information from user device 136, and/or parking lot occupancy detector 122–126. Each parking lot 108–112 at the station 104 may be in any of the following states: (i) occupied, wherein a vehicle is parked in the parking lot; (ii) reserved, wherein the parking lot has been reserved or booked by a user; or (iii) available, wherein the parking lot is free and has not been reserved or booked by a user. For example, the number of occupied parking lots at a station 104 may be determined based on a number of idle vehicles 114 located at the specific station 104, the number of reserved parking lots may be determined based on a number of en route vehicles 128 that have the specific station as its destination station, and the number of available parking lots may be determined based on the total number of parking lots at the station 104 minus the number of occupied and reserved lots. The parking information may be used as an input/variable to make the rebalancing decision to determine how many vehicles may be dispatched to each station as a destination station.
In some embodiments, step 216 may comprise obtaining information on a current state of each en route vehicle 128 using the on-board telematics device on the en route vehicle 128. Current state of each en route vehicle 128 may comprise a current position, a current energy level of the en route vehicle 128, and a destination station of the en route vehicle 128. The position refers to current position of the en route vehicle 128 (e.g., GPS coordinates), and the energy level may refer to the state-of-charge (SoC) level of the en route vehicle 128 if the en route vehicle 128 is an electric vehicle (EV), or the fuel level of the en route vehicle 128 if the en route vehicle 128 is an internal combustion (IC) vehicle. The information on the current state of each en route vehicle 128 may further comprise trip information (e.g., origin station, whether the en route vehicle is occupied by a user or is in use as part of a previous vehicle rebalancing decision), vehicle dynamics information (e.g., jerk, acceleration), and/or battery health information.
In some embodiments, step 220 may comprise obtaining historic information. The historic information may comprise information on historic user demand and covariate information. Covariate information may comprise any information that may be relevant or contributes to user demand, such as time information, weather information, and pricing information. In some embodiments, historic user demand may be presented as a time series of user demand plotted against a time of day.
According to some embodiments, method 200 may comprise step 224 of processing the data received in step 204. Step 224 may be carried out by processing module 144. Step 224 may comprise step 226 of generating a set of rebalancing decisions that are feasible to execute, step 228 of determining a net number of available parking lots, step 232 of predicting a number of en route vehicles that will become available idle vehicles at each station within the planning horizon, and step 236 of predicting a user demand at each of the plurality of stations 1041–104n. 
In some embodiments, step 224 may comprise step 226 of generating a set of rebalancing decisions that are feasible to execute. In some embodiments, the set of rebalancing decisions may be determined based on the current state of each idle vehicle 114 obtained in step 208. In some embodiments, the set of rebalancing decisions may be determined based on the current location and current energy level of each idle vehicle 114. In some embodiments, the goal of the vehicle rebalancing optimisation model may be to choose the optimal decisions from this decision set.
In some embodiments, step 224 may comprise step 228 of determining a net number of available parking lots based on the parking information on the plurality of stations obtained in step 204/212. In some embodiments, the net number of available parking lots may be stored in an information table. For example, the information table may comprise columns headers including a station identification number, and a number of available parking lots.
In some embodiments, step 224 may comprise step 232 of predicting a number of en route vehicles 128 that will become available idle vehicles at each station within the planning horizon based on the current state of each en route vehicle 128. An available idle vehicle is a vehicle at a station with an energy level above a predefined threshold. Prediction of a number of en route vehicles 128 that will become available idle vehicles at each station within the planning horizon may comprise (i) predicting, for each en route vehicle, an estimated time of arrival at their respective destination station and an estimated energy level when arriving at their respective destination station based on the current state of each en route vehicle 128 obtained in step 204/216; and (ii) determining a number of en route vehicles that will become available idle vehicles within the planning horizon based on the estimated time of arrival and estimated energy level.
Fig. 3 is a schematic illustration of a method 300 of predicting a number of en route vehicles that will become available idle vehicles at each station within the planning horizon, in accordance with embodiments of the present disclosure. Method 300 may be carried out at step 224/232 of method 200. In some embodiments, method 300 may be carried out using a supply prediction model comprising a trained model (or ETA prediction model) configured to predict a trip duration and to estimate a time of arrival of each en route vehicle, and a trained model (or EEU prediction model) configured to predict an energy usage and estimated energy level of each en route vehicle when arriving at its destination station. For any vehicle  that is en route to its destination station , the number of timeslots  that the vehicle will take to reach its destination may be determined. In some embodiments, the energy level required by the vehicle c to reach its destination  may be determined.
According to some embodiments, method 300 may comprise step 304, wherein data is received and processed to generate features relevant for determining an estimated time of arrival at a destination station and/or determining an estimated energy usage for the en route vehicle to arrive at its destination station. In some embodiments, the data may comprise the current state of each en route vehicle 128 received in step 216, which may comprise a current location, a current energy level, and a destination station. The data comprising the current state of each en route vehicle 128 received in step 216 may further comprise vehicle dynamics information. In some embodiments, the data may comprise data from the en route vehicle 128, one or more user devices 136, third-party sources 132, or may be retrieved from database 140. In some embodiments, the data may be static data. Static data may be data that does not change with time and remains constant throughout the trip of an en route vehicle, such as the origin-destination information and the route information (e.g., route length). In some embodiments, the data may be streaming data retrieved through an API call sampled at predetermined time intervals (e.g., 5-minute time intervals). Streaming data may include data from a vehicle that may change with time, such as vehicle dynamics data (telemetry data), i.e., the speed, acceleration, jerk information that is collected using the OBD (On-Board-Device). Another example of the telemetry data is the Energy-Level of the battery. In some embodiments, the data may be third party data from third party data sources (or exogenous sources of data) that surround the vehicle. Third party data may include information such as traffic information and weather information.
In some embodiments, the data may further comprise additional information such as a current time of day and current day of the week. In some embodiments, the data may further comprise information on whether the en route vehicle is occupied by a user or is in use as part of a previous vehicle rebalancing decision. In some embodiments, the data may further comprise a driving style profile associated with a user operating the en route vehicle (e.g., rash, careful), current traffic information between the current position of the en route vehicle and its destination station, vehicle battery or fuel engine state-of-health, and/or contextual information of a surrounding of the en route vehicle (e.g., weather conditions, surrounding drivers). In some embodiments, the data received may be processed to determine additional information. For example, a shortest distance between the current position and destination station, and a minimum travel time between the current position and destination may be determined using road network information and any known algorithms for route planning and/or calculation. 
According to some embodiments, method 300 may comprise step 308, wherein the received and/or processed data in step 304 is used to predict a trip duration 312 and estimated time of arrival 316 of each en route vehicle 128 at its destination station. In some embodiments, the trip duration 312 may be predicted using a trained model (or ETA prediction model). In some embodiments, the estimated time of arrival 316 may be determined based on the predicted trip duration 312 and the current time. In some embodiments, the trained model may receive as input the current time, current day of week, current position, destination station, shortest distance between current position and destination station, and a minimum travel time between current position and destination station, and may output an estimated trip duration 312. In some embodiments, the shortest distance and minimum travel time may be calculated using road network information. In some embodiments, a binary feature indicating whether the en route vehicle is occupied by a user (e.g., occupied with a passenger on board) or is in use as part of a previous vehicle rebalancing decision may also be input into the trained model to predict the trip duration. In some embodiments, a driving style profile associated with a user operating the en route vehicle, vehicle dynamics, current traffic condition between the current position of the en route vehicle and its destination station, vehicle battery or fuel engine state-of-health of the en route vehicle and/or contextual information of a surrounding of the en route vehicle (e.g., weather conditions, surrounding drivers) may also be input into the trained model to predict the trip duration. Examples of trained models that may be employed are gradient-boosted decision trees, such as XGBoost as disclosed in https://xgboost.readthedocs.io/en/stable/ which is a scalable, distributed gradient-boosted decision tree machine learning library, and support vector machines (SVM) which are supervised learning models with associated learning algorithms that analyse data for classification and regression analysis.
As an example, the XGBoost model may be trained on a training dataset comprising between 300,000 and 400,000 trips split into a training dataset and a validation training set with a ratio of 0.8:0.2. For example, each trip of the dataset may be a trip on a direct route from an origin to a destination, wherein the distance < 1.2 × shortest distance between the origin and destination, and wherein the total trip time is < 2.0 × minimum travel time between the origin and destination. For example, each trip may comprise trip data comprising spatial information (such as origin station A, destination station B and shortest distance from origin station A to destination station B), and temporal data (such as time of day, day of week, minimum time between origin station A and destination station B). For example, each trip may comprise an actual trip duration that may be used for model verification..  For example, the XGBoost model may be trained as a regression model with target variable as the actual trip duration. For example, the XGBoost model may be trained with 5-fold cross validation. It is emphasised that the training parameters and training dataset described above is an example, and other and/or additional training parameters and/or training datasets may be included based on the input into the model.
According to some embodiments, method 300 may comprise step 320 wherein the received and/or processed data in step 304 is used to predict an energy usage 324 and estimated energy level 328 of each en route vehicle 128 when arriving at its destination station. In some embodiments, the energy usage 324 may be predicted using a trained model (termed as an “Expected Energy Usage prediction model” or “EEU prediction model”). In some embodiments, the estimated energy level 328 may be determined based on the predicted energy usage 324 and the current energy level of the en route vehicle. In some embodiments, the trained model may receive as input the trip duration 312 and vehicle dynamics and may output an estimated energy usage 324. In some embodiments, a binary feature indicating the en route vehicle is occupied by a user (or a passenger) or is in use as part of a previous vehicle rebalancing decision may also be input into the trained model to predict estimated energy usage. In some embodiments, a driving style profile associated with a user operating the en route vehicle, current traffic condition between the current position of the en route vehicle and its destination station, vehicle battery or fuel state-of-health of the en route vehicle and/or contextual information of a surrounding of the en route vehicle (e.g., weather conditions, surrounding drivers) may also be input into the trained model to predict the estimated energy usage. Examples of trained models that may be employed are gradient-boosted decision trees, such as XGBoost, and support vector machines (SVM).
As an example, an SVM regression-based model may be trained on a training dataset comprising between 300,000 and 400,000 trips split into a training dataset and a validation training set with a ratio of 0.8:0.2. For example, each trip of the dataset may comprise trip data comprising spatial information (such as origin station A, destination station B, shortest distance from origin station A to destination station B), and vehicle dynamics data (such as vehicle speed, acceleration). For example, the each trip of the dataset may comprise a distance travelled based on GPS coordinates, an average speed, and energy usage. It is emphasised that the training parameters and training dataset described above is an example, and other and/or additional training parameters and/or training datasets may be included based on the input into the model.
According to some embodiments, method 300 may comprise step 332 wherein the estimated time of arrival 316 of each en route vehicle at its destination station and estimated energy level 328 of each en route vehicle when arriving at its destination station is used to determine the number of en route vehicles that will become available idle vehicles at each station within the planning horizon. In particular, the en route vehicles that will become available idle vehicles are en route vehicles that will arrive at its destination station within the planning horizon with an energy level that is above a predefined threshold.
Referring to Fig. 2, method 200 may comprise step 236 of predicting, using a demand prediction model, a user demand at each station over the planning horizon based on the historic information. The user demand comprises a number of vehicle requests from users. In some embodiments, the user demand may be predicted using features such as time of month, day of month, day of week, hour of the day, and total hours from a certain time origin.
According to some embodiments, the demand prediction model may be trained on a fleet dataset comprising a range of data pertaining to vehicle trips within the city. An example of a fleet dataset that may be used is the New York City Taxi and Limousine Commission (TLC) dataset available at https://www.nyc.gov/site/tlc/about/tlc-trip-record-data.page which serves as a comprehensive repository of data pertaining to taxi trips within the city. The TLC dataset encompasses a range of variables, including temporal data points such as pickup and drop-off timestamps, which facilitate the examination of temporal patterns in taxi utilization. Geospatial data, provided in the form of longitude and latitude coordinates for both pickup and drop-off locations, allow for spatial analyses, shedding light on prevalent routes, traffic dynamics, and popular destinations. Additionally, the dataset provided captures fare compositions, including base fares, tolls, and tips, as well as payment modalities, whether cash or electronic. Rate types, distinguishing between standard rates and those applicable to specific zones or airports like JFK and Newark, are also documented. For example, the dataset may be organised in Parquet files, with each file corresponding to a specific month. For example, the datasets may be pre-processed by identifying and removing entries where travels and their associated data did not align with the time period designated by the respective Parquet file.
For example, for each time slot i, a feature vector may be constructed by concatenating the various features:

where:
: Month of the year (1 to 12) for the ith time slot.
: Day of the month (1 to 31) for the ith time slot.
: Day of the week (1: Monday, 2: Tuesday, …, 7: Sunday) for the ith time slot.
: Hour of the day (0 to 23) for the ith time slot.
: Total hours from a certain time origin for the ith time slot
To predict the user demand (or number of vehicle requests) yN+1 for time slot N+1, the feature vectors and the corresponding target values from time slot 1 to time slot N may be concatenated to form an aggregated feature, denoted as

The goal may be to learn a function  that can predict the user demand (or number of vehicles requested) for time slot N + 1 using the aggregated feature vector.
According to some embodiments, the demand prediction model may predict a user demand based on regression. In some embodiments, the demand prediction model may comprise a core regressor, such as the Gradient Boosting algorithm. This ensemble machine learning technique builds an additive model in a forward stage-wise manner, optimizing for mean squared error. By iteratively constructing decision trees, each tree aims to correct the errors of its predecessor. Gradient Boosting is able to effectively handle a mix of categorical and continuous features and is inherently robust against overfitting. Table 1 below lists example parameters that may be employed for the core regressor using XGBoost Python Package.
[bookmark: _Ref143268589][bookmark: _Ref143268584]Table 1: Parameters for Gradient Boosting Regressor
	Parameter
	Default Value

	objective
	‘reg:squarederror’

	base_score
	0.5

	booster
	‘gbtree’

	colsample_bylevel
	1

	colsample_bynode
	1

	colsample_ytree
	1

	gamma
	0

	gpu_id
	-1

	importance_type
	‘gain’

	interaction_constraints
	”

	learning_rate
	0.1

	max_delta_step
	0

	max_depth
	6

	min_child_weight
	1

	missing
	np.nan

	monotone_constraints
	()

	n_estimators
	100

	n_jobs
	1

	num_parallel_tree
	1

	random_state
	0

	reg_alpha
	0

	reg_lambda
	1

	scale_pos_weight
	1

	subsample
	1

	tree_method
	‘auto’

	validate_parameters
	False

	num_feature_timeslots (N)
	100



In some embodiments, the demand prediction model may be validated using walk-forward validation as the primary validation strategy. Initially, a training dataset may be established, the size of which was determined based on domain knowledge. For example, the first 60 days may serve as the initial training set for daily vehicle pickups forecasting, with day 61 being the test point. After training the model on days 1–60 and forecasting for day 181, the observed value for day 61 was incorporated into the training dataset. This expanding window approach ensured that all available data up to the current forecast point was utilized, growing the training dataset with each iteration until all data points in the dataset were forecasted and evaluated.
The time series-cross validation method may involve training the demand prediction model on the aggregated feature vectors and target values up to time slot N, forecasting the value for time slot N + 1 using the aggregated feature vector , and then moving the window one step forward to repeat the process. Mathematically, for each validation step N:
· Training set: Aggregated feature vectors and target values from time slot 1 to k-1. 
· Test set: Aggregated feature vector and target value for time slot k, wherein time slot k is the current timeslot or the timeslot in which the rebalancing decision will be executed by forecasting the demand for time period k to k + H. 
The number of features may be determined based on various factors, such as computational load and model performance. In some embodiments, the performance metric, such as RMSE, may be computed for each forecast and then averaged over all validation steps. In some embodiments, the demand prediction model may be evaluated using evaluation metrics such as Root Mean Square Error (RMSE) which provides a measure of the differences between the predicted and observed values, with lower RMSE values indicating better model performance.
According to some embodiments, method 200 may comprise step 240 of generating a vehicle rebalancing decision comprising one or more vehicle movement operations between stations during the planning horizon. The vehicle rebalancing decision may be generated based at least on the feasible decision set determined in step 224/226, the predicted number of en route vehicles that will become available idle vehicles within the planning horizon determined in step 224/232, and the predicted user demand at each station over the planning horizon determined in step 224/236. In some embodiments, generating the vehicle rebalancing decision may be further based on attributes associated with each vehicle, such as a historic usage of each vehicle and/or a battery or fuel engine state-of-health of each vehicle.
In some embodiments, step 240 of generating a vehicle rebalancing decision comprising one or more vehicle movement operations between stations during the planning horizon may be based on a linear programming or optimisation method. In some embodiments, the one or more vehicle movement operations may be output as a vehicle identification number, and a station which the vehicle should be moved to. In some embodiments, the vehicle movement operations are selected from a decision set comprising vehicle movement operations wherein a rebalanced vehicle is estimated to able to arrive at its destination station within the planning horizon, and an estimated energy level of the rebalanced vehicle when arriving at its destination station is above a predetermined threshold.
In some embodiments, step 240 of generating a vehicle rebalancing decision may be determined using a vehicle rebalancing model. The vehicle rebalancing model may comprise a scheduling process and a planning horizon, wherein scheduling happens in every timeslot  (e.g., 1 min) and the rebalancing happens once in the planning horizon H (e.g., 1 hour). 
In some embodiments, the set of feasible decisions may be calculated, wherein the set of feasible decisions comprises the possible combinations of idle vehicles 114  and destination station , wherein S denotes a set of all stations given that the final energy level Qcj of the vehicle is above a certain threshold:

wherein  denotes a set of all the idle vehicles 114 in timeslot  and  denotes a set of all idle vehicles at station  in timeslot  with an example of the scheduling model is as follows:

(1)
The objective of the scheduling model is to maximise the total number of idle vehicles 114 that can be scheduled to serve the current demands. The idle vehicles 114 that can be scheduled belong to set Fk. In some embodiments, it may be assumed that the information about the current inter-station demands  are known, and the unmet vehicle requests leave the system if they are not served within the timeslot in which they appear. In some embodiments, the duration of the timeslot may be decided according to the patience level of customers. In some embodiments, a binary decision variable  may be used to decide which idle vehicle 114  in timeslot k should be scheduled to go to which destination station . A first constraint ensures that any vehicle can only be scheduled to go to one destination station, i.e., that one vehicle can only be scheduled to serve one request. A second constraint ensures that the total number of vehicles scheduled to go from station  to  must be no more than the number of user requests to go from station  to .
In some embodiments, after scheduling, the rebalancing decision for idle vehicles 114 may be calculated. In contrast with scheduling, vehicle rebalancing may only be performed after a certain timeframe or the planning horizon. The duration of the planning horizon may be determined based on the performance of the supply prediction model and the demand prediction model. For example, a planning horizon of 1 hour (i.e., 60 timeslots of 1 minute duration) may be used.
In some embodiments, the vehicle rebalancing model may use the following information to generate vehicle rebalancing decisions:
i) Rebalancing Decision Set: Step 226 – After scheduling, the set of remaining idle vehicles 114 are denoted by . In some embodiments, a set of feasible rebalancing decisions may be created using the supply prediction model:

ii) Parking Availability Status: Step 228 – Using the parking reservation information, the net available parking at each station is calculated, which is denoted by .
iii) En route Supply: Step 232 – Using the supply prediction model, the expected number of en route vehicles that will become available idle vehicles at each station during the planning horizon is predicted. The en route supply at any station  during the planning horizon  is given by the following expression:

(2)
The expected supply at a station 104 is defined as the sum of the fraction of time that the en route vehicle 128 will be available in the station 104 during the planning horizon H given that the vehicle’s arrival is within the planning horizon and the energy level of the vehicle is above a minimum threshold value. Set  denotes the total number of en route vehicles 128 that are en route to station  as reported at the timeslot .
iv) Expected Demand: Step 236 – Using the demand prediction model, the expected number of vehicle requests that will arrive at a station 104  during the planning horizon   which is denoted by .
The vehicle rebalancing decision may be made using decision variable  which denotes if an idle vehicle 114  should be moved to destination station , where  denotes the set of idle vehicles 114 after scheduling. The demand (i.e., expected number of vehicle requests in a station  in the planning horizon ), denoted as  was predicted using the demand prediction model. The net supply (i.e., total number of vehicles that will be available in station  during the planning horizon ) includes i) en route vehicles 128 to station ; and (ii) vehicles that will be dispatched to station  as an outcome of the rebalancing decision, which also includes vehicles that were already at station  and are recommended by the vehicle rebalancing model to stay in the same station. The net supply in station  during the planning horizon  is defined as the sum of the en route supply from step 232 and the total number of vehicles that will be dispatched to the destination station  averaged by the fraction of the planning horizon that the vehicle will be available in the station . As an example, the net supply in station  during planning horizon  may be expressed as follows:

(3)
The expected vehicle utilisation implies the expected number of demands that can be served in the planning horizon H. The expected served demands may be expressed by the following equation:

[bookmark: _Ref143263826](4)
where  denotes the predicted demand in station  during the prediction horizon  which is predicted using the demand prediction model,  denotes the en route supply count which is predicted using the supply prediction model.
As an example, if there are 10 vehicle requests that are expected to arrive in station  in the planning horizon H, and the expected number of vehicles that will be available is 5, then the number of served demands shall be . The fraction  helps in assessing the expected value of the number of vehicles, e.g., if a vehicle takes  timeslots to reach the destination station , then the expected value of the vehicle is assumed to be 0.5. since the vehicle will miss out on the demands that arrive in the first half of the planning horizon H. In some embodiments, an auxiliary variable  may be used to replace the equation (4) and the following constraints may be included to limit the value of :

[bookmark: _Ref143265740](5)
Apart from maximising the vehicle utilisation, the vehicle rebalancing model may also aim to maximise the rebalancing affinity of idle vehicles 114. A rebalancing affinity function that decides which vehicle should be favoured during vehicle rebalancing may be incorporated. An example of a rebalancing affinity function is the distance of an idle vehicle 114 from the destination station:

(6)
In some embodiments, the rebalancing affinity may include other vehicle-level attributes, including user preference, time of day, popularity of station, cleanliness of vehicle, battery state-of-health, historic vehicle usage, etc.
In some embodiments, the vehicle rebalancing model that incorporates the objectives of maximising the expected served demands and rebalancing affinity and subject to constraints (5) and the constraint that one vehicle can only be dispatched to one destination may be expressed as follows:

[bookmark: _Ref143266290](7)

In some embodiments, the station 104 capacity constraint may be added as an operational constraint on top of the basic vehicle rebalancing model (7) by adding the following expression:

(8)
Referring to Fig. 2, method 200 may comprise step 244 wherein the vehicle rebalancing decision generated in step 240 is carried out by moving one or more of the idle vehicles based on the vehicle movement operations. In some embodiments, the vehicle rebalancing decision may be communicated to one or more idle vehicles 1141 at one or more stations 1041–104n that are assigned to be moved based on the vehicle movement operations. In some embodiments, the record of en route vehicles 128 and/or parking information may also be updated.
Finally, the language used in the specification has been principally selected for readability and instructional purposes, and it may not have been selected to delineate or circumscribe the inventive subject matter. It is therefore intended that the scope of the invention be limited not by this detailed description, but rather by any claims that issue on an application based here on. Accordingly, the embodiments of the present disclosure are intended to be illustrative, but not limiting, of the scope of the invention, which is set forth in the following claims.


claims
[bookmark: _Ref133931691]A method for rebalancing a fleet of vehicles for shared use at a plurality of stations over a planning horizon, the method comprising:
a) obtaining (204) a current state of each idle vehicle of the fleet of vehicles, a current state of each en route vehicle of the fleet of vehicles, parking information on the plurality of stations, and historic information;
b) determining (226) a set of feasible rebalancing decisions based on the current state of each idle vehicle of the fleet of vehicles;
c) determining (228) a net number of available parking lots at each station based on the parking information on the plurality of stations;
d) predicting (232), using a supply prediction model, a number of en route vehicles that will become available idle vehicles at each station within the planning horizon based on the current state of each en route vehicle, wherein an available idle vehicle is a vehicle at a station with an energy level above a predefined threshold;
e) predicting (236), using a demand prediction model, a user demand at each station over the planning horizon based at least on the historic information, wherein the user demand comprises a number of vehicle requests;
f) generating (240) a vehicle rebalancing decision comprising one or more vehicle movement operations between stations during the planning horizon, wherein the vehicle rebalancing decision is generated based at least on the set of feasible rebalancing decisions, the predicted number of en route vehicles that will become available idle vehicles within the planning horizon, and the predicted user demand at each station over the planning horizon; and
g) carrying out (244) the vehicle rebalancing decision by moving one or more of the idle vehicles based on the vehicle movement operations.
The method of claim 1, wherein the current state of each idle vehicle comprises a current location and current energy level, and the current state of each en route vehicle comprises a current position, a destination station, vehicle dynamics, and current energy level of each en route vehicle of the fleet of vehicles.
The method of any of the preceding claims, wherein the net number of available parking lots is determined based on a number of available parking lots, a number of reserved parking lots, and a number of occupied parking lots.
The method of any of the preceding claims, wherein the historic information comprises information on historic user demand and covariate information.
[bookmark: _Ref142058209][bookmark: _Ref142053194][bookmark: _Ref141775252]The method of any of the preceding claims, wherein step d) comprises:
predicting, for each en route vehicle, an estimated time of arrival at its respective destination station and an estimated energy level when arriving at its respective destination based on the current state of each en route vehicle; and
determining a number of en route vehicles that will become available idle vehicles within the planning horizon based on the estimated time of arrival and estimated energy level.
[bookmark: _Ref142058391]The method of claim 5, wherein predicting the estimated time of arrival of each en route vehicle at its destination station comprises:
predicting, using a trained model, a trip duration based at least on a current time, current day of week, current position, destination station, shortest distance between current position and destination station, and a minimum travel time between current position and destination station; and
predicting the estimated time of arrival based on the current time and the predicted trip duration.
The method of claim 5 or 6, wherein predicting the estimated energy level of each en route vehicle when arriving at its destination station comprises:
predicting, using a trained model, an energy usage based at least on the predicted trip duration and vehicle dynamics of the en route vehicle; and
predicting the estimated energy level based on a current energy level and the predicted energy usage.
[bookmark: _Ref141862186][bookmark: _Ref141956735]The method of any of the preceding claims, wherein step d) is further based on whether the en route vehicle is occupied by a user or is in use as part of a previous vehicle rebalancing decision.
The method of any of the preceding claims, wherein step d) is further based on:
a vehicle battery or fuel engine state-of-health of the en route vehicle;
a traffic condition between a current position of the en route vehicle and its destination station;
a driving style profile of a user operating the en route vehicle; and/or
contextual information of a surrounding of the en route vehicle.
[bookmark: _Ref143246624][bookmark: _Ref143270522]The method of any of the preceding claims, wherein step e) of predicting a user demand comprises using a demand prediction model comprising a regressor, preferably gradient boosting algorithm.
The method of claim 10, wherein the demand prediction model is validated with walk-forward validation.
The method of any of the preceding claims, wherein step e) of predicting a user demand at each station over a planning horizon is further based on a forecasted weather condition, the number of available idle vehicles currently at each station, the predicted number of en route vehicles that will become available idle vehicles within the planning horizon.
[bookmark: _Ref143270683]The method of any of the preceding claims, wherein step f) of generating a vehicle rebalancing decision comprises using a vehicle rebalancing model wherein the vehicle rebalancing model seeks to maximise an expected vehicle utilisation and a rebalancing affinity of idle vehicles.
The method of any of the preceding claims, wherein step f) of generating a vehicle rebalancing decision is further based on a historic usage of each vehicle and/or a battery or fuel engine state-of-health of each vehicle.
[bookmark: _Ref133933648]The method of any of the preceding claims, wherein the vehicle movement operations are selected from a decision set comprising vehicle movement operations wherein a rebalanced vehicle is estimated to able to arrive at its destination station within the planning horizon, and an estimated energy level of the rebalanced vehicle when arriving at its destination station is above a predetermined threshold.
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