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Abstract: Electric vehicles (EVs) are becoming increasingly popular in ride-hailing services, but their
slow charging speed negatively affects service efficiency. To address this challenge, we propose
PROLIFIC, a deep reinforcement learning-based approach for efficient EV scheduling and charging in
ride-hailing services. The objective of PROLIFIC is to minimize passenger waiting time and charging
time cost. PROLIFIC formulates the EV scheduling problem as a Markov decision process and
integrates a distributed charging scheduling management model and a centralized order dispatch-
ing model. By using a distributed deep Q-network, the agents can share charging and EV supply
information to make efficient interactions between charging and dispatch decisions. This approach
reduces the curse of dimensionality problem and improves the training efficiency of the neural
network. The proposed approach is validated in three typical scenarios with different spatiotemporal
distribution characteristics of passenger order, and the results demonstrate that PROLIFIC signifi-
cantly reduces the passenger waiting time and charging time cost in all three scenarios compared to
baseline algorithms.

Keywords: electric vehicles; charging scheduling; reinforcement learning; ride-hailing services;
charging stations

1. Introduction

In recent years, EVs have emerged as a hot research topic with the potential to save
energy and reduce CO2 emissions [1,2]. In fact, the global sales of new EVs reached
10.5 million in 2022, which was a remarkable increase of 55% compared to the previous year.
This surge in demand for EVs can be attributed to several factors, including government
policies aimed at reducing greenhouse gas emissions, advancements in battery technology,
and the growing awareness of the benefits of EVs [3]. Large companies such as Uber have
also announced plans to transition their fleet of oil cars to EVs, with a goal of achieving zero
emissions in US and Canadian cities by 2030. The rise of intelligent vehicle technologies
further amplifies the potential of EVs in modern transportation systems [4–7].

Despite the many advantages of EVs, such as reduced emissions and lower operating
costs, one of the major challenges is the time it takes to refuel the vehicle’s battery. For
example, charging a BYD Qin from empty to full can take up to one hour even when using
a 60 kW fast charger, which is considerably longer than the time it takes to fill up a tank of
gasoline. Additionally, the number of charging stations available is still relatively low in
many areas, leading to long wait times for charging or even unavailable charging options
when the state of charge (SOC) of an EV is low [8]. These limitations in charging speed and
availability can significantly impact not only the ease of use and adoption of EVs but also
the efficiency of applications that rely on them such as ride-hailing services provided by
companies like Uber.

Efficiently scheduling the charging and order dispatch in an EV fleet is a critical
challenge for ride-hailing service providers. The large time required for EV charging can
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interfere with ride services, resulting in longer wait times for passengers during rush
hours. Moreover, improper charging management can lead to insufficient energy for
transportation, causing EVs to refuse ride requests. This issue is crucial to improving the
efficiency of ride-hailing service providers, as longer wait time and fewer available cars
can lead to decreased customer satisfaction and lower profits.

Prior research has endeavored to provide pertinent recommendations for EV users,
focusing primarily on factors such as charging time cost [9–13] and electricity price [14–16].
Battery swap station recommendations have also gained attention, often emphasizing path
or electricity cost due to the notably shorter time associated with swapping compared to
traditional charging stations [17–19]. Furthermore, a subset of recent studies has begun
to incorporate charging path optimization into the decision-making process for selecting
charging stations while considering energy constraints and recuperation [20–22]. A parallel
stream of research has concentrated on the efficient scheduling and charging of electric
vehicle fleets within ride-hailing services [23–26]. Our research aligns with this stream,
specifically addressing the formulation of optimal actions for each vehicle in the fleet to
achieve overarching goals, such as maximizing gross merchandise volume or minimizing
passenger waiting time. Reinforcement learning has emerged as the mainstream approach
to tackle these challenges [23–27]. These studies typically address charging and dispatch
decisions in isolation, or they adopt a simplified assumption that the nearest charging
station is invariably the optimal choice. This approach overlooks the intricate interdepen-
dencies between charging and dispatching decisions, potentially leading to suboptimal
solutions that fail to minimize passenger waiting time and charging time effectively. The
real challenge resides in finding a balance between charging and dispatch decisions within
the context of EV ride-hailing services. Each decision process has its unique considerations,
and the interaction between them can markedly affect the overall efficiency of the service.
Therefore, there is a pressing need for more refined optimization strategies capable of
addressing the combined challenges of charging and dispatch decisions in the realm of EV
ride-hailing services.

This paper proposes PROLIFIC (deeP ReinfOrcement LearnIng For effIcient ev fleet
scheduling and Charging). PROLIFIC is designed to minimize the passenger waiting
time and charging time cost. The proposed algorithm takes into account both dispatch
tasks and charging plans, using a deep Q-network (DQN) to make efficient long-term
decisions. Given a fleet of EVs with arbitrary initial locations and battery levels, the
proposed algorithm dispatches them to serve a set of unknown customer trip requests
and outputs the specific charging station that each EV should use, which enables further
optimization of the charging time cost. This level of optimization is not achievable by prior
work, which only considered the nearest charging station or made recommendations based
on static criteria. Moreover, the customer waiting time is minimized by optimizing dispatch
tasks, while the charging time cost is reduced by selecting the most efficient charging
stations and plans. To use DQN for EV fleet scheduling, the algorithm is trained using
historical data to learn the optimal policy for dispatching and charging EVs. This policy
specifies the best sequence of actions to take in response to different states of the system,
such as the locations and battery levels of the EVs and the trip requests from customers.

Our contributions can be summarized as follows:

1. We propose PROLIFIC based on deep reinforcement learning that coordinates the
order dispatch and charging behavior of EVs, enabling them to make optimal decisions
on charging time and station selection while satisfying the ride-hailing needs of
passengers.

2. Using distributed reinforcement learning decision making allows the agents to share
information such as the utilization rate of charging piles. This communication helps
to reduce resource conflicts and increase the efficiency of the charging process.
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3. The simulation experiments conducted in three distinct scenarios showcases PRO-
LIFIC’s ability to effectuate a 61.56% to 78.84% reduction in charging waiting times
and a 34.05% to 56.45% reduction in passenger waiting times in contrast to baseline
models, highlighting its potential to improve the efficiency of ride-hailing companies
and other EV applications.

2. Related Work

In recent years, researchers have focused on the problem of recommending optimal
charging stations for EVs. The aim is to minimize the time and cost associated with charging
by considering constraints such as the EV’s remaining electricity and the availability of
charging piles. A series of work formalized the scheduling problem as a Markov decision
process (MDP) and proposed deep reinforcement learning algorithms for charging station
recommendation. Zhang proposed a reinforcement learning model in which the state
domain represented the available fast and slow charging piles, and the action domain
represented the choice of charging station and pile [9]. DQN was then applied to compute
the Q value for each charging station and pile, and the solution with the highest Q value
was chosen as optimal. Li proposed a Regularized Actor–Critic approach that allowed EV
drivers to balance user preference and external reward [10]. Additionally, some researchers
have used representation learning techniques to improve the understanding of the trans-
portation status. Zhang applied Spatiotemporal Heterogeneous Graph Convolution to
create a dynamic station–vehicle graph and added the representation to the agent’s state
for better modeling of the relationship between EVs and charging stations [28]. In addition,
many other computational methods and optimization strategies have been applied to this
problem to find approximate solutions. An proposed a particle swarm-based optimization
algorithm in which individual and global extremes are calculated in iterations, and the
policy is updated to obtain the optimal solution [29]. Liu solves the charging scheduling
problem by utilizing a genetic algorithm that defines the fitness function to include the
time cost, the monetary cost, and the final residual power. The residual power is calculated
iteratively using a differential evolutionary algorithm [30].

Several researchers have also considered the joint problem of order dispatch and
charging operations. Shi proposed RLOAR that used decentralized learning and centralized
decision making to optimize the scheduling of the ride-hailing fleet [23]. In this approach,
the order information and EV status were collected in a time slot, and the Q value was
calculated using the Bellman equation. The problem of maximizing the Q value of the fleet
was then solved by transferring it to a bipartite graph matching problem, which was solved
using the Kuhn–Munkres algorithm. Kullman proposed a Drafter algorithm in which every
ride-hailing order immediately triggered a scheduling process [24]. While this approach
compressed the dimension of order dispatching compared to time-slot-based approaches,
the frequency of decision making was more intensive. Tang proposed an advisor–student
reinforcement learning framework to optimize the online operations of EV fleets [25]. In this
approach, the advisor model determined the number of taxis to serve the user demands and
to charge in each area. The student model then used these results as a reference to generate
movement based on the combinational optimization model. This allowed the problem to
be decomposed into multiple steps, which accelerated the convergence of the large-scale
model. Yu proposes an asynchronous learning framework [31]. The algorithm is primarily
controlled by two loops. The outer loop calculates the Q-value of each action using the Q-
Learning algorithm. The inner loop determines the vehicle’s action choices, including order
taking, repositioning, and recharging, based on the outputs of the outer loop, combined
with stochastic approximation. Zalesak proposed a heuristic-based charging strategy with
the objective of maintaining sufficient fleet sizes at various times of day [32]. In their
approach, vehicles were scheduled based on their SOC, and the vehicle with the highest
SOC was scheduled to charge with the lowest priority. Guo proposes a deep reinforcement
learning-based optimization strategy to improve the quality of service degradation of the
fleet and reduce the operating cost [33]. The method utilizes a deep reinforcement learning
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network with convolutional neural layers to understand environmental states and actions
for effective vehicle routing decisions and vehicle scheduling. Yi categorized the EVs by
their SOC, and for those EVs with an SOC beyond a threshold, they were scheduled to
reposition or charge using dynamic programming to minimize the overall time cost [34].
Yuan proposed proactive partial charging, which allowed an EV to become partially charged
before its remaining battery level was running too low [35]. They employed a receding
horizon optimization approach to minimize the idle driving time and waiting time.

In previous approaches that attempted to address both order dispatch and charging
operations, certain limitations existed, particularly in their treatment of the charging opera-
tion. A pivotal factor influencing effective EV fleet scheduling and charging pertains to the
attributes of charging stations. Variability in charging powers, accessibility of charging in-
frastructure, and their spatial distribution significantly impact the decision-making process
for selecting optimal charging stations. Notably, prior methodologies often oversimplified
the charging operation by consistently favoring the nearest charging station as the optimal
choice. This approach, however, may not consistently yield the shortest waiting times for
EVs. Unlike such rudimentary proximity-based strategies, the situation underscores the
imperative for more sophisticated optimization techniques that account for the distinct
characteristics of diverse charging stations.

Moreover, the interplay between order dispatching and charging decisions bears con-
siderable influence on the overall performance. Although certain studies have concentrated
on optimizing these decisions in isolation [32,34], neglecting their intricate interdependen-
cies can lead to suboptimal results. This underscores the significance of devising more
nuanced optimization strategies that comprehensively address both these aspects within
the realm of EV ride-hailing services.

In contrast, this paper proposes a novel approach that considers the charging operation
and order dispatch together, and it makes more finely granulated decisions regarding the
selection of charging stations. By taking into account the predicted waiting times and
balancing the trade-off between waiting time and charging time cost, our approach enables
EVs to choose the charging station for their individual needs, leading to improved efficiency
and customer satisfaction.

3. Preliminaries

In this section, we introduce necessary notations to describe the problem of EV schedul-
ing. The symbols are listed in Table 1.

Definition (Road Network): The road network is defined as the strongly connected
component of the directed graph G

(
Vroad, Eroad

)
, where Vroad and Eroad denote the sets of

all vertices and edges, respectively.
Definition (EV Fleet): The EV fleet is defined as the set F = {ev1, ev2, · · · }, where evi

denotes the ith EV. SOCi
t ∈ [0, 1] is defined as the percentage of the remaining battery

capacity of the ith EV at time t relative to its total battery capacity. loci
t =

(
Lngi

t, Lati
t
)

is defined to represent the position of the ith EV at time t, with Lngi
t denoting longitude

and Lati
t denoting latitude.

Definition (Passenger Waiting Time): The passenger waiting time ∆tl
wait can be defined

in two cases. If the order is successfully received, ∆tl
wait is the time difference between the

moment the EV responds to the order and the moment the order is initiated. However, if
the order is canceled due to timeout, ∆tl

wait is defined as the maximum waiting time tPET .
Definition (EV supply rate): To represent the relationship between the EV supply and

order demand, we define the EV supply rate φp as follows:

φp = |F∗t |/(|O∗t |+ 1) (1)

where F∗t represents the set of EVs with a battery level greater than ℘ and available for
decision making at time t. ℘ represents the threshold for sufficient battery power. |O∗t |
represents the number of pending orders at time t.
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Table 1. Symbol descriptions.

Symbol Description

O The set of all orders in the entire simulation period
O∗ The set of all orders served during the entire simulation period
Ot The set of all pending orders at time t
O∗t The set of all pending and unexpired orders at time t
tPET The maximum waiting time for passengers after initiating an order
∆tl

wait The waiting time of the lth order
F The set of all ride-hailing vehicles in the entire fleet
Ft The set of idle ride-hailing vehicles at time t
F∗t The set of idle and sufficiently charged ride-hailing vehicles at time t
F̃∗t The set of ride-hailing vehicles dispatched to respond to passenger requests

at time t
C The set of all charging stations
csj The jth charging station in the charging system

cpj
k The kth charging area in the jth charging station

ti
dec The decision time of the ith ride-hailing vehicle

ti,j,k
arr The time when the ith ride-hailing vehicle arrives at the kth charging area of

the jth charging station
ti,j,k
ch The time when the ith ride-hailing vehicle starts charging in the kth charging

area of the jth charging station
τ

i,j,k
n The time when the nth charging pile in the corresponding charging area is

released for the ith electric vehicle
∆ti,j,k

tra The travel time of the ith vehicle to the kth charging pile area of the jth
charging station

∆ti,j,k
wait The queue waiting time of the ith vehicle in the kth charging pile area of the

jth charging station
∆ti,j,k

ch The net charging time of the ith vehicle in the kth charging pile area of the jth
charging station

∆ti,j,k
C The total time spent by the ith vehicle to go to the kth charging pile area of

the jth charging station for charging
v̄i Represents the average driving speed of the ith electric vehicle
vj,k The actual charging power of the kth charging pile area of the jth charging

station
SOCi

t The ratio of the remaining power of the ith vehicle at time t to the entire
battery

loci
t The location of the ith vehicle at time t

ρt The progress of the entire round corresponding to time t
T The set of discrete time steps
Υt The utilization rate of all charging areas at time t
℘ The lower limit of the power state for ride-hailing vehicles to provide ride

services
ξ The critical value of whether the supply of ride-hailing vehicles is saturated
φp The supply rate of ride-hailing vehicles in the entire operating area

Definition (Charging Station System): C = (cs1, cs2, · · · ), where csj represents the jth
charging station. Each charging station csj is further divided into multiple charging areas

with different power levels, which can be denoted as csj =
(

cpj
1, cpj

2, · · ·
)

. Each charging

area cpj
k in the jth charging station contains

∣∣∣cpj
k

∣∣∣ charging piles of the same power level.

Definition (Travel Time Cost): The travel time cost ∆ti,j,k
tra is calculated as the distance d

between the EV’s current location and the designated charging area j, which is divided by
the EV’s average speed v̄i. In other words, it represents the estimated time it takes for the
EV to travel to the charging area.
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Definition (Charging Waiting Time Cost): The charging waiting time cost is calculated
as follows:

∆ti,j,k
wait = ti,j,k

ch − ti,j,k
arr , (2)

where ti,j,k
ch denotes the moment when the ith EV starts charging and ti,j,k

arr denotes the arrival

time to the charging station j. ti,j,k
ch depends on the length of the charging queue, which

can be divided into two situations: (1) if available charging piles can be found in the kth
charging area, the EV can start to be charged directly; (2) if all charging piles in the kth
charging area are occupied, the EV has to wait in the queue until a charging pile is available.
Thus, we can calculate ti,j,k

ch as follows:

ti,j,k
ch =


ti,j,k
arr pi,j,k

t ≤
∣∣∣cpj

k

∣∣∣
max

(
ti,j,k
arr , min

(
τ

i,j,k
1 , . . . , τ

i,j,k

|cpj
k |

))
pi,j,k

t >
∣∣∣cpj

k

∣∣∣ (3)

where pi,j,k
t denotes the position in the queue when the ith EV arrives in the kth charging

area. In situation (1), represented by pi,j,k
t ≤ |cpj

k|, the EV can be charged directly without

waiting in line. In situation (2), represented by pi,j,k
t >

∣∣∣cpj
k

∣∣∣, the EV has to wait. Here, τ
i,j,k
n

indicates the moment when the nth charging pile in the kth charging area becomes available

for charging, and the ith EV is waiting in the queue. min
(

τ
i,j,k
1 , . . . , τ

i,j,k

|cpj
k |

)
indicates the

earliest finish charging time among the latest |cpj
k| EVs that arrive in the kth charging area

before the ith EV.
Definition (Pure Charging Time Cost): After starting to charge, the time required for

charging is calculated using the following equation:

∆ti,j,k
ch = (Erecov − Ei,j,t)/vj,k, (4)

where Erecov denotes the battery state when the charging is finished. Ei,j,t represents the
battery state of the EV when arriving at the jth charging station, and vj,k denotes the
charging power of the charging pile in the kth charging area.

Definition (Utilization rate): Υt denotes the utilization rate of various power charging
piles in all charging stations at time t. In Υt = (Υ1,1

t , · · · , Υj,k
t , · · · ), Υj,k

t represents the
utilization rate of individual charging piles with the specific formula as follows:

Υj,k
t = (N j,k,t

ch + N j,k,t
wait)/|cpj

k| (5)

where N j,k,t
ch denotes the number of EVs being charged in the kth charging area in the jth

charging station at time t, and N j,k,t
wait denotes the number of EVs queuing.

4. Method

In this section, PROLIFIC is presented to solve the EV charging and dispatching
problem. We will introduce the system overview first and explain the charging scheduling
management model and the order dispatching model.

4.1. System Overview

To coordinate the charging needs of EVs with passengers’ ride requests, we propose
a comprehensive framework for EV order dispatching and charging scheduling from a
fleet perspective. As shown in Figure 1, this framework consists of two main components:
the charging scheduling management model and the order dispatching model. The charg-
ing scheduling management model applies a deep reinforcement learning (DRL)-based
charging scheduling strategy. The agent determines whether to charge for idle ride-hailing
vehicles in sequence based on the DRL charging scheduling strategy. Vehicles that need
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to be charged proceed to the designated charging area according to the agent’s decision.
Vehicles that do not need charging participate in the centralized order assignment pro-
cess. By modeling it as an assignment problem and solving it using the Kuhn–Munkres
algorithm [36], the most appropriate matching result is obtained.

Figure 1. The overall framework of PROLIFIC.

Next, the DRL-based charging scheduling model and the centralized order dispatching
model are introduced in detail. We model the real-time charging and order-dispatch process
of EVs as a finite discrete-time MDP. A five-tuple (S, A, P.(·, ·), R.(·, ·), γ) is applied to
represent the MDP. Here, S denotes the state space, A refers to the action domain, P(·, ·)
denotes the state transition probability, Pa(s, s′) is the probability that state s transitions to
state s′ after performing action a, R(·, ·)denotes the immediate reward, and Ra(s, s′) refers
to the immediate reward received after state s transitions to state s′ through action a.

Specifically, at time step t, the agent derives the decision result At based on the system
state St, and the EV chooses the charging station or forgoes charging according to the
decision result. Subsequently, the fleet, orders, and charging station modules undergo
changes. The agent receives the reward Rt and can simultaneously observe the new system
state St+1. This process continues, and the accumulated rewards over time are referred to
as returns. The return Ut corresponding to time step t is calculated by Ut = ∑K

n=t γn−tRn,
where γ ∈ [0, 1] is the discount factor.

(1) State Space: The state of the system at time t is defined as st =
(
s1

t , s2
t . . .

)
.

si
t refers to the state vector of the ith EV at time t, which is represented as a tuple

si
t =

(
SOCi

t, loci
t, ρt, φp, Υt

)
.

• SOCi
t denotes the remaining battery state.

• loci
t represents the position of the EV.

• ρt ∈ [0, 1] represents the progress of the entire episode, i.e., the proportion of the
current elapsed time to the total duration of an episode.

• φp represents the relationship between the EV supply and at time t.
• Υt represents the utilization rate of charging piles.

(2) Action Domain: The action of the system at time t is defined as at =
(
a1

t , a2
t . . .

)
,

where ai
t refers to the action vector of the ith EV at decision moment t. Each EV can take

one of the following two actions:
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• If the decision result is to charge, ai
t = χi

t, where χi
t denotes the selected charging area

number.
• If the decision is not to charge, ai

t = 0. The EV can accept orders only when it decides
not to charge, and if it chooses not to accept orders and the system does not assign
orders to that EV, then the EV remains in a waiting state at its current location.

(3) Reward Function: The system’s reward function is defined as Rai
t
(si

t, si
t+1), repre-

senting the reward obtained by the ith EV after taking action ai
t. The goal of this paper is to

minimize both passenger waiting time and EV charging time costs while adhering to specific
constraints. To achieve this, EVs with sufficient battery are actively encouraged to accept
orders and incentivize them to choose charging stations with minimal time costs when there
are a significant number of idle vehicles compared to pending orders. By doing so, we aim to
maintain an adequate number of available EVs for passengers while ensuring that vehicles
are charged efficiently and effectively. The reward functions are designed as follows.

The reward for the action ai
t = 0, i.e., the EV chooses not to charge, is:

R0

(
si

t, si
t+1

)
=


αods · φ̃p

∆tl
wait/tPET + 1

SOCi
t > ℘

−αidle SOCi
t ≤ ℘

(6)

where αods and αidle are hyperparameters, φ̃p means that when φp ≤ ξ, φ̃p is equal to φp,
and when φp > ξ, φ̃p is equal to ξ, ξ is the threshold for EV supply saturation, and when
the EV supply rate exceeds this value, it means that the number of idle vehicles can fully
meet the demand for pending orders. tPET denotes the longest waiting time for an order;
when the EV receives the lth order, ∆tl

wait denotes the actual waiting time for the order;
when the EV involved in the pickup of the order, it does not receive the order ∆tl

wait = tPET .

• When the EV has sufficient battery and the supply rate is low (SOC ti > ℘, φp ≤ ξ), the

agent receives a positive reward (αods · φp/
(

∆tl
wait/tPET + 1

)
). This reward is linearly

related to the supply rate for the decision not to charge, and it also has a negative
correlation with the passenger’s waiting time. Both these aspects motivate more
EVs to accept orders and actively respond to passenger requests, thereby reducing
passenger waiting time.

• When the EV has sufficient battery and the supply rate is adequate (SOCi
t > ℘, φp > ξ),

the agent receives a fixed positive reward (αods · ξ/
(

∆tl
wait/tPET + 1

)
) for deciding

not to charge, providing a reward to EVs that accept orders and ensuring a certain
scale of EVs to maintain the order-taking rate.

• When the EV has insufficient battery (SOCi
t ≤ ℘), it is penalized severely (−αidle) for

deciding not to charge, as it lacks the ability to accept orders.

The reward for the charging action (ai
t = χi

t) is:

Rχi
t

(
si

t, si
t+1

)
=

{
−βods · ∆ti,j,k

C φp ≤ ξ

βch/
(

∆ti,j,k
C + 1

)
φp > ξ

(7)

where βods and βch are hyperparameters, and ∆ti,j,k
C denotes the charging time cost for the

ith EV to charge at the kth charging area of the jth charging station.

• When the supply rate is low (φp ≤ ξ), indicating a higher demand for EVs to serve
passengers, the agent’s decision to charge at this time is penalized with a cost (−βods ·
∆ti,j,k
C ) related to the charging time.

• Otherwise, when the supply rate is high (φp > ξ), the system has sufficient available
EVs to serve the passengers, so EVs can afford to spend more time charging without
impacting the passenger service quality. An agent that decides to charge receives a
positive reward (βch/

(
∆ti,j,k
C + 1

)
), which is inversely proportional to the charging

time cost, thus encouraging the agents to choose the appropriate charging station
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to replenish their power. By incorporating the charging time cost (∆ti,j,k
C ) into the

reward function, the agent is incentivized to choose the optimal charging station that
minimizes the waiting time and charging time for the EV. This, in turn, can help reduce
the overall charging time cost of the EVs in a round, leading to better efficiency and
service quality for the ride-hailing platform.

In addition, the hyperparameters (βods, αidle, βch, αods) should satisfy the following
relationships:

• −βods · ∆ti,j,k
C > −αidle, ∀i, j, k constant holds. In situations where there are many pend-

ing orders and the supply rate is low (φp ≤ ξ), an EV with low SOC (SOCi
t ≤ ξ) may

decide whether to charge or not based on the comparison between the penalties of
remaining idle (−αidle) and choosing a charging station (−βods · ∆ti,j,k

C ). However, if
the penalty for choosing any charging station is lower than the penalty of remain-
ing idle (−βods · ∆ti,j,k

C ≤ −αidle), the EV may choose to continuously remain idle
without charging. To prevent EVs from entering a cycle of continuous non-charging,
the penalty for choosing any charging station must be greater than the penalty of
remaining idle.

• βch/
(

∆ti,j,k
C + 1

)
> αods · ξ/

(
∆tl

wait/tPET + 1
)

, ∃i, j, k holds. When the EV supply rate
is high, it means that there are more idle EVs available than the pending orders, and
thus, the system can afford to have some EVs charging to increase their order-taking
potential without affecting passenger service quality. In this case, the agent can be
motivated to choose the appropriate charging area and store power during idle time
so that the EV can be ready to accept more orders in the future.

(4) Solution based on Deep Q-network: Q∗(st, at) reflects the maximum value of taking
action at in state st. Based on the optimal action value function Q∗

(
si

t, ai
t
)
, the optimal

action for each EV in a certain state can be determined. However, the charging scheduling
management for ride-hailing services are highly complex, making it difficult to construct
a mathematical model for state transition and policy. As a result, Q∗

(
si

t, ai
t
)

cannot be
directly obtained. Therefore, a DQN is used to approximate the optimal action value
function, which is denoted as Q∗

(
si

t, ai
t; θn

)
. Once the neural network is initialized and

undergoes continuous training, it gradually approaches Q∗(st, at). Eventually, the agent
makes optimal decisions based on Q∗

(
si

t, ai
t; θn

)
.

The DQN consists of an input layer, hidden layers, and an output layer. Each layer in
the neural network is a fully connected layer, and a linear transformation of the previous
layer is applied to the activation function to achieve nonlinear mapping. The training of the
neural network involves a process of backward propagation where we seek to minimize a
predefined loss function. The definition of the loss function is as follows:

Ln(θn) = E
[

1
2

(
yi

t −Q
(

si
t, ai

t; θn

))2
]

(8)

yi
t = ri

t + γ ·max
ai∈A

Q
(

si
t+1, ai; θ−n

)
(9)

We can obtain the gradient of the loss function concerning the neural network parame-
ters using the chain rule of derivatives as follows:

∇θ Ln(θn) = E
[(

Q
(

si
t, ai

t; θn

)
− yt

)
∇θQ

(
si

t, ai
t; θn

)]
(10)
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The Adaptive Moment Estimation gradient descent method (Adam) [37] is utilized to
train the neural network, thereby facilitating the update of θn. The formula is as follows:

mn = β1mn−1 + (1− β1) · ∇θ Ln(θn) (11)

vn = β2vn−1 + (1− β2) · ∇θ Ln(θn)
2 (12)

θn+1 = θn − η · mn/(1− β1
n)√

vn/(1− β2n) + ε
(13)

mn represents the first-order moments of the gradient at the nth iteration. vn represents
the second-order moments of the gradient at the nth iteration. In particular, m0 and v0 are
both equal to 0. η refers to the learning rate, which determines the size of the step for each
parameter update.

Research has shown that when using neural networks to directly approximate action
value functions, the learning process can be unstable or even divergent, resulting in subop-
timal performance [38]. To enhance the performance of deep reinforcement learning and
improve the stability and efficiency of the convergence process, the following methods
were employed:

• Experience Replay Mechanism [39]: A memory buffer of a certain capacity is con-
structed to store historical experiences. Once the storage capacity exceeds the min-
imum limit, the experience replay mechanism allows for mini-batch sampling of
experience samples as training data in each training session. This mechanism not only
allows for the reuse of historical experiences but also minimizes correlations among
them, thereby improving the stability of the training process.

• Double DQN (DDQN) [40]: The target value yt computed using DDQN consists of
both the deep Q-network and the target network. The formula is as follows:

yi
t = ri

t + γ ·Q
(

st+1, argmax
a∈A

Q(st+1, a; θn); θ−n

)
(14)

Here, θn denotes the parameters of the deep Q-network at the nth iteration, and
θ−n denotes the parameters of the target network at the nth iteration. The target
network is another neural network with the same structure as the deep Q-network but
with different parameters for calculating the target value yt. The former is updated
during each training session using the Adam, while the latter is updated periodically
according to θ−n+1 = λθn + (1− λ)θ−n . It avoids always selecting the maximum Q
value from the target network’s output, which, to a certain extent, mitigates the
negative impact of overestimating the optimal action-value function and improves
deep reinforcement learning performance.

• Epsilon Decaying Strategy: Initially, actions are selected randomly from the feasible
action space with a high probability epsilon, promoting exploration. Over time, epsilon
is gradually decayed, reducing the probability of random actions and increasing the like-
lihood of choosing actions with the highest expected reward, thus fostering exploitation.
This strategy ensures a balance between exploring new actions and exploiting known
good actions while adjusting the balance dynamically as the model learns.

4.2. Order Dispatching Model

After all idle EVs have made their charging decisions in sequence, the remaining
vehicles are dispatched to serve passengers. The order dispatching problem is formulated
as an optimization problem as follows:
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min
|F̃∗t |
∑
p=1

|O∗t |

∑
q=1

bpq · χpq (15)

s.t.
|F̃∗t |
∑
p=1

χpq ≤ 1, ∀q = 1, · · · , |O∗t | (16)

|O∗t |

∑
q=1

χpq = 1, ∀p = 1, · · · ,
∣∣F̃∗t ∣∣ (17)

χpq ∈ {0, 1}, ∀p = 1, · · · ,
∣∣F̃∗t ∣∣, ∀q = 1, · · · , |O∗t | (18)

The order dispatching process aims to minimize the travel time cost of EVs for each
ride match. To achieve this, the set of vehicles ready for dispatch at time t denoted by
F̃∗t is identified. These are EVs with sufficient power (SOC > ℘) that decided not to
charge. The set of ride orders that have been initiated before time t and have not yet
been responded to, denoted by O∗t , is also considered. We define the decision variables
X = {χpq|p = 1, · · · , |F̃∗t |; q = 1, · · · , |O∗t |}, where χpq is a 0–1 variable that indicates
whether the pth vehicle responds to the qth order. The cost required for the pth vehicle
to respond to the qth order is denoted by bpq, where bpq = dp,q/v̄p. Here, dp,q denotes the
distance from the current location of the pth vehicle to the origin of the qth order, and v̄p
denotes the average travel speed of the pth vehicle.

The dispatching problem is formulated as an optimization problem, where the objec-
tive is to minimize the total travel time cost of all ride matches. Specifically, we seek to
find a set of decision variables X that satisfy the following constraints: (1) each vehicle
is assigned to at most one order, (2) each order is assigned to exactly one vehicle. The
Kuhn–Munkres algorithm [36] is used to solve this optimization problem. Note that the
formulation here assumes that |F̃∗t | ≤ |O∗t |. A similar formulation can be made for the case
|F̃∗t | > |O∗t |.

4.3. Summary of the Overall Algorithm

The complete algorithm is demonstrated in Algorithm 1. Firstly, the Q-network
Q(si

t; θ), the target network Q(si
t; θ−), and the experience replay buffer D are initialized

(refer to lines 1–3). During each iteration of model training, the action value Q-network
interacts with the electric vehicle charging scheduling environment to obtain interaction
samples (see lines 4–16). For every idle vehicle, an action is selected based on the ε-greedy
policy according to the action value network (refer to lines 7–12). Then, the KM algorithm
is employed to assign pending and unexpired orders to available vehicles (lines 13–15).
The selected vehicle is dispatched to charge, serve the order or remain idle (see lines 16–17).
The (si

t−1, ai
t−1, ri

t−1, si
t) quadruple corresponding to the previous state is then collected (see

lines 18–19).
After the interaction between the agent and the environment is completed, the model

updates the parameters of the Q-network (see lines 21–25). When the capacity of the
replay buffer exceeds the minimum limit, a batch of SARS quadruples is extracted from the
experience replay buffer, and θ is updated through gradient descent (see lines 21–23). After
a fixed number of steps, θ− is updated based on θ and θ− (see lines 24–25). Finally, the
algorithm returns the electric vehicle charging scheduling strategy π∗ as the recommended
charging scheduling plan.
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Algorithm 1 Complete Algorithm with Environment Interaction

Input: Capacity and power information of charging stations C, average driving speed
of the ride-hailing fleet F, spatiotemporal distribution model of origin–destination of
orders, hyperparameters of the reward function, number of episodes N, critical supply
rate threshold ξ, and critical battery level threshold ℘

Output: Scheduling policy π∗

1: Initialize Q-network Q(si
t; θ)

2: Initialize target network Q(si
t; θ−)

3: Initialize replay buffer D
4: for episode← 1 to N do
5: Initialize environment
6: while episode termination condition = FALSE do
7: Get idle vehicles Ft
8: for i← 1 to |Ft| do
9: if random number p < ε then

10: Select a random action ai
t

11: else
12: Select the best action ai

t according to Q(si
t; θ)

13: Filter available vehicles F̃∗t = {evi|SOC > ℘ ∧ action 6= charge}
14: Update the pending and unexpired order set O∗t
15: Assign orders to vehicles using KM algorithm
16: for i← 1 to |Ft| do
17: Execute action and calculate reward ri

t
18: if t 6= 0 then
19: Store transition (si

t−1, ai
t−1, ri

t−1, si
t) in replay buffer

20: Update state st ← st+1
21: if update condition for θ then
22: Sample minibatch of transitions from D
23: Update θ using gradient descent
24: if update condition for θ− then
25: Update θ−

26: return π∗

5. Experiment Setup
5.1. Datasets

In this study, we used the actual road network data of Xi’an city, randomly generated
initial data of ride-hailing vehicles, and specific charging station data as input parameters
for the simulation system. The enclosed area formed by four points of latitude and longi-
tude (108.86, 34.37), (108.86, 34.45), (108.96, 34.37), and (108.96, 34.45) was selected as the
operational zone, which was located in the urban center of Xi’an, a vibrant area for the city’s
economic development. At the beginning of each simulation, the GPS coordinates [41–43]
of 300 operating ride-hailing EVs within the area were randomly generated. Each EV had
an average driving speed of 40 km/h and the same battery capacity of 60 KW·h. The
initial remaining power was randomly generated within the range of 40% to 50% of the
total battery capacity. Considering the spatial distribution characteristics of the currently
established charging stations in Xi’an, we have delineated the geographic distribution of
these stations in our simulation environment, as illustrated in Figure 2. The path distance
between the origin and the destination was calculated using the Baidu Map API.
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Figure 2. Geographic distribution of charging stations.

5.2. Experimental Scenario Setting

To comprehensively evaluate the performance and applicability of the model, we
designed three test scenarios with different spatiotemporal distribution characteristics:

1. Uniform. This scenario presumes that requests for various pickup and drop-off loca-
tions (origin and destination) are randomly generated within the operational area,
showcasing a uniform distribution. Temporally, the distribution of orders adheres to
a Poisson process with consistent expectation values.

2. Weekday. In this scenario, the spatial distribution of requests for pickup and drop-
off locations is identical to the uniform scenario, meaning that they are randomly
generated within the operational area. In terms of time, the order distribution deviates
as it manifests distinct peak and off-peak periods, reflecting the real-world dynamics
of urban demand where certain times of day, such as rush hours, experience a surge
in requests.

3. Weekend. This scenario encapsulates the city’s leisure travel patterns during non-
working days. The coordinates of the pickup and drop-off locations are determined
based on Points of Interest (POIs) that have been collected via the BaiduAPI. The
distribution of these POIs, encompassing a wide variety of categories, is illustrated in
Figure 3. Notably, a distinct pattern of aggregation is observed at POIs associated with
leisure activities, such as commercial and recreational venues, sports facilities, cultural
centers, and tourist attractions. These places serve as both primary destinations and
potential starting points for travel during weekends. Similar to the weekday scenario,
the temporal distribution also showcases peak and off-peak periods.
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Figure 3. The spatial distribution of all POI categories.

Upon starting the simulation, order requests were randomly generated according to a
specific scenario setting. To generate more realistic simulation data, the number of order
requests in different time periods of weekday and weekend scenarios was determined based
on the distribution of order periods in the Xi’an city taxi operation development report [44].
To illustrate these data more clearly, Figure 4 depicts the proportion of total daily orders
that occur at different times of the day. The distribution of orders demonstrates a clear
peak-and-valley pattern. The period exhibiting the lowest quantity of orders aligns with
the interval around 3 a.m., constituting a mere 0.23% of the total daily requests. Conversely,
the period marked by the highest volume of orders aligns with the interval around 8 a.m.,
accounting for a significant 6.51% of the total daily orders. The system screened available
vehicles for charging every 2 min and then assigned orders to vehicles that have not been
charged to satisfy passenger requests.

Figure 4. Temporal distribution of orders throughout the day.
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5.3. Parameter Settings

The parameters and training process of reinforcement learning were set as follows:
the Q-network consisted of an input layer, two hidden layers, and an output layer with
dimensions 30, 256, 256, and 26, respectively. Given these settings, the parameter size of
the model was 80,410. Leaky ReLU activation functions with a slope of 0.01 were used,
except for the input layer. To prevent overfitting, a 0.2 dropout rate was implemented in
the hidden layers [45]. The experience pool had a capacity of 50,000 tuples with training
starting after collecting 10,000 tuples. An episode corresponded to the process of an
EV’s scheduling within a 24 h period, consisting of 720 time slices. The discount factor
γ was set to 0.99, and the hyperparameters in the reward function were set as follows:
αidle = 10, αods = 1.5, βch = 3.5, βods = 1, ξ = 2,℘ = 0.2. During training, the mini-batch
size for sampled tuples was set to 100, and the Adam optimizer updated the Q-network
parameters with a learning rate r of 5 × 10−4.

5.4. Baselines

In this study, we utilized the following two strategies as baselines.
Baseline1: Ride-hailing Dispatch with Greedy and Linear Programming (RDGLP). Assign EV

by solving a linear programming problem where the weights correspond to the distances
between vehicles and pick-up locations. The Kuhn–Munkres algorithm is employed for
problem solving. The model is mathematically formulated as follows:

min
|F̃∗t |
∑
p=1

|O∗t |

∑
q=1

dpq · χpq (19)

s.t.
|F̃∗t |
∑
p=1

χpq = 1, ∀q = 1, · · · , min(|O∗t |,
∣∣F̃∗t ∣∣) (20)

|O∗t |

∑
q=1

χpq ≤ 1, ∀p = 1, · · · ,
∣∣F̃∗t ∣∣ (21)

χpq ∈ {0, 1} (22)

Here, dpq represents the distance from vehicle p to the departure point of passenger q.
The constraints in Equation (20) ensure that each order is responded to by a vehicle when
the number of orders is less than or equal to the number of ride-hailing vehicles. When
the number of orders exceeds the number of ride-hailing vehicles, the |F̃t∗| orders with the
longest wait times are selected to ensure they are all responded to by ride-hailing vehicles.
An EV whose SOC falls below a threshold ℘ is dispatched to the nearest charging station
with a preference for high-power charging areas.

Baseline2: Reinforcement Learning for Operational Actions in Ride-hailing (RLOAR). The
baseline method adopts a ride-hailing dispatch strategy proposed by Shi [23]. This strategy,
called RLOAR, allows idle vehicles to choose between serving orders, charging, or remain-
ing idle. If the charging action is chosen, the vehicle selects the nearest charging station.
Tunable parameters are set for these actions to optimize the dispatch and charging decisions.
To find the maximum action value function, a linear assignment problem is formulated
and solved using the KM algorithm. To approximate the optimal state value function, a
neural network is used. The state value function, along with the reward function, forms the
optimal action value function. The parameters of the neural network are updated through a
centralized learning method. More specifically, the state value function network comprises
an input layer, two hidden layers, and an output layer, with respective dimensions of 5,
200, 200, and 1. The parameter size of the model is 41,601. The model employs the Adam
algorithm for gradient descent and the ReLU for activation.
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6. Experimental Results

This section presents experimental results comparing our model with two baselines in
three different scenarios.

6.1. Uniform Scenario

Figure 5 displays the performance of PROLIFIC and two baseline algorithms. Al-
though the initial PROLIFIC scheduling algorithm’s performance was inferior to the base-
line algorithms in all metrics, its performance improved as the training process proceeded.
After multiple training sessions, the algorithm’s performance in all metrics caught up with
or surpassed the two baselines. Upon performance stabilization, the optimal charging
scheduling strategy can be obtained by stopping the training. The initial fluctuations in the
PROLIFIC method are due to the model’s broad decision-making scope and its Epsilon-
Decaying strategy. In the early stages, the model undergoes trial-and-error to adapt to
the environment and makes random actions to gather information, leading to suboptimal
decisions. As the model learns, it identifies more optimal strategies, reducing its reliance
on random actions, which results in improved and stabilized performance.

(a) (b)

(c) (d)

Figure 5. The results in uniform scenario. (a) Passenger waiting time; (b) Rate of cancelled orders;
(c) Charging frequency; (d) Total charging time.

Figure 5a,b show the performance of each model in responding to passengers, where
Figure 5a represents the average waiting time per passenger in an episode, and Figure 5b
represents the proportion of passengers who were not responded to within 15 min in an
episode relative to all passengers. PROLIFIC’s performance was sightly better than that of
RLOAR, while it demonstrated a substantial advantage in comparison to RDGLP.

The results for charging scheduling are presented in Figure 5c,d. Figure 5c shows the
average charging frequency per EV in an episode, while Figure 5d shows the average total
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charging time per EV in an episode. PROLIFIC’s charging frequency was comparable to
the two baselines, but its total charging time was significantly lower. This was attributed to
PROLIFIC’s ability to select suitable charging stations, avoiding overcrowding and the use
of slow charging piles. In this scenario, the two baselines had similar performance in charg-
ing scheduling in terms of all charging dispatch metrics due to the long travel distances
and high demand of orders per hour, resulting in shorter idle times for EVs. PROLIFIC’s
capability to choose appropriate charging stations was validated in this scenario.

6.2. Weekday Scenario

Figure 6 shows the results for the weekday scenario. From Figure 6a,b, it can be seen
that PROLIFIC significantly outperformed RLOAR in terms of the rate of cancelled orders,
and RLOAR outperformed RDGLP.

(a) (b)

(c) (d)

Figure 6. The results in weekday scenario. (a) Passenger waiting time; (b) Rate of cancelled orders;
(c) Charging frequency; (d) Total charging time.

From Figure 6c,d, it was evident that both PROLIFIC and RDGLP exhibited lower
charging frequencies compared to RLOAR. Additionally, PROLIFIC demonstrated sig-
nificantly lower charging costs than the two baseline methods. While both RLOAR and
RDGLP followed the principle of charging at the nearest station, the total charging time cost
of RLOAR was higher due to its higher charging frequency per episode. RLOAR set the
reward value for the pass action to 0 and assigned a positive reward value for the charging
action when an EV was near a charging station. This reward configuration often led to a
higher frequency of charging actions by EVs during low-demand periods. On the other
hand, PROLIFIC’s reward function for charging actions was based on the total charging
time, making the rewards more sensitive to the charging duration. During low-demand
periods, the rewards for charging and not charging were both positive, with the reward
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for charging possibly being greater or less than the reward for not charging, depending
on the specific situation. As a result, a long charging time would led to a lower reward
value (see Equation (7)), potentially discouraging EVs from choosing to charge during
low-demand periods.

The results in the weekday scenario validate that RLOAR might not effectively adapt
its strategy during low-demand periods, while PROLIFIC demonstrated the ability to
identify order trends and select appropriate timing and charging stations for charging.
PROLIFIC’s approach allows for more dynamic charging decisions based on the actual
charging time cost, which contributes to its superior performance in this scenario compared
to the baseline methods.

6.3. Weekend Scenario

The results in the weekend scenario (as shown in the Figure 7) demonstrated that
PROLIFIC effectively handled the peak–valley characteristics of order quantity and non-
uniform spatial distribution of charging stations. It outperformed the two baseline methods
in terms of total charging time and passenger waiting time, indicating the effectiveness of
the algorithm in selecting appropriate charging stations and scheduling charging times.
The results also highlighted the limitations of simply choosing the nearest charging station,
which could lead to congestion and increased charging times, even when RLOAR uses
reinforcement learning methods to schedule the actions of each vehicle.

(a) (b)

(c) (d)

Figure 7. The results in weekend scenario. (a) Passenger waiting time; (b) Rate of cancelled orders;
(c) Charging frequency; (d) Total charging time.

6.4. Discussion

Table 2 presents the performance of PROLIFIC and the baselines across different
scenarios. In addition to the metrics used in the previous subsection, we also divide the
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total charging cost into more delicate parts, including travel time cost, charging waiting
time cost, and pure charging time cost.

Table 2. Comparison of EV fleet scheduling and charging performance for PROLIFIC, RDGLP, and
RLOAR under different conditions.

Category Uniform Weekday Weekend

PROLIFICRDGLP RLOAR PROLIFICRDGLP RLOAR PROLIFICRDGLP RLOAR

Passenger Waiting Time (min) 3.47 7.96 5.26 4.16 8.51 6.63 4.58 10.23 7.90
Rates of Cancelled Orders (%) 5.97 27.06 10.43 9.51 31.11 18.99 12.71 47.42 30.31
Charging Frequency (count) 2.05 3.77 3.64 3.17 6.08 21.82 3.13 4.71 9.55
Travel Time Cost (h) 0.46 0.22 0.22 0.66 0.27 0.28 0.70 0.21 0.23
Charging Waiting Time Cost (h) 0.68 10.63 7.95 1.43 8.45 9.38 0.87 12.95 12.66
Pure Charging Time Cost (h) 2.35 2.53 3.19 2.22 2.43 3.11 1.80 2.19 3.07
Total Charging Cost (h) 3.49 13.38 11.36 4.29 11.15 12.77 3.38 15.35 15.96

The heat map in Figure 8 summarizes the comparison between PROLIFIC and the
baseline methods. Each node in the heat map shows the change rate of PROLIFIC relative
to the baseline for a given metric. As shown in Figure 8, PROLIFIC achieved superior
performance compared to the two baseline algorithms in each metric except for the travel
time cost. It is important to note that baselines always select the nearest charging station
when deciding to charge. However, the PROLIFIC algorithm may opt for a charging
station that is farther away, but boasts a higher power outlet or shorter queue waiting
time, with the goal of reducing the overall cost of charging time. In contrast, the RDGLP
algorithm only charges when the SOC is less than ℘. This lower frequency of charging
results in a reduced total charging travel time within an episode, which may explain
why RDGLP outperforms other algorithms in terms of travel time cost. Meanwhile, the
RLOAR algorithm often triggers charging behavior when the ride-hailing vehicle is close
to a charging station. Although the frequency of charging is high, the distance traveled
for each charge is relatively short. Consequently, the travel time cost for RLOAR is also
relatively low.

Figure 8. Heat map of PROLIFIC performance optimisation ratios.
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Compared to other algorithms, PROLIFIC can still ensure low passenger wait times
and charging time costs even in more complex scenarios such as weekday and weekend sce-
narios.This demonstrated the effectiveness of PROLIFIC in selecting appropriate charging
stations and scheduling charging times to handle the non-uniform spatial distribution of
charging stations and the peak–valley characteristics of order quantity.

In these three scenarios, PROLIFIC used the same set of parameters, indicating that the
algorithm has a certain generalization ability and can learn deeper semantic information
through continuous interaction with the environment, thereby reducing the time cost
of charging and passengers’ waiting time. The simulation process included randomly
generated orders and fleet initialization each time rather than a fixed random seed, reflecting
the algorithm’s robustness.

7. Conclusions

In this study, we propose PROLIFIC, a novel deep reinforcement learning-based strat-
egy for EVs scheduling and charging. By fostering the use of EVs, PROLIFIC contributes
to sustainable urban mobility and a reduced carbon footprint, ultimately preserving the
environment for future generations.

The primary innovation of PROLIFIC lies in its fusion of centralized order alloca-
tion with distributed charging decisions, which are facilitated through distributed deep
Q-networks. Contrasting prior work, which often separates charging from dispatching
decisions or defaults to the nearest charging station, PROLIFIC enables each EV to make
autonomous decisions based on its unique state and environment. This methodology
recognizes the intricate interdependencies between charging and dispatching decisions,
effectively addressing the ’curse of dimensionality’ encountered in deep learning, and
produces optimal solutions that minimize both passenger and charging wait times. Conse-
quently, PROLIFIC provides an advanced optimization strategy for networked car services,
proficiently balancing these decisions within the realm of EV ride-hailing services.

Furthermore, we have designed a unique reward function for PROLIFIC that not only
quantifies the contribution of actions toward the overarching objective but also guides
the agent toward optimal behaviors through a progressive reinforcement mechanism. By
considering factors such as the EV’s remaining battery power, passenger demand, and
the charging station’s occupancy, our reward function aids the EV in striking an optimal
balance between order acceptance and charging. This approach also contributes to the
stability of the training process. The progressive reinforcement mechanism accelerates
the agent’s discovery of efficient strategies, mitigating inherent uncertainty and volatility
during training. Simultaneously, by reflecting the complexity of real-world scenarios,
this reward function enhances the adaptability of the trained strategies in uncertain and
dynamic environments.

To evaluate PROLIFIC’s performance, we created a simulation system that emulates
real-world conditions, leveraging actual spatial distribution data for orders, charging sta-
tions, and other relevant road network information. The system considers the diversity of
charging stations, wait times, and EV accessibility. We compared PROLIFIC’s performance
with two baseline algorithms across varied scenarios, including weekend, weekday, and uni-
form conditions. PROLIFIC consistently outperformed the baseline algorithms, significantly
reducing charging wait times by 61.56% to 78.84% and passenger wait times by 34.05%
to 56.45%. These results highlight PROLIFIC’s capability to identify patterns in order
distribution and charging station availability, which assists in making informed decisions
about optimal charging times and locations, thereby improving the overall service effi-
ciency. Despite a slightly higher travel time cost compared to other algorithms, PROLIFIC
exhibits notable advantages in reducing the charging wait time cost and total charging
cost, emphasizing its effectiveness in minimizing overall charging expenses and passenger
wait time. Additionally, PROLIFIC sustains low passenger wait times and charging costs,
even in complex scenarios like weekday and weekend. This adaptability, which responds to
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changes in charging station distribution and order volume, further confirms PROLIFIC’s
competence in managing these intricate situations.

For future work,we aim to employ multi-intelligence deep reinforcement learning to
amalgamate charging, order allocation, and repositioning into a comprehensive scheduling
approach to enhance overall fleet coordination and further elevate operational efficacy.
We are also planning to incorporate the capacity of the power grid and energy pricing
considerations while taking into account the variations in usage patterns between day
and night.
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