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Real-time Planning of Route, Speed, and Charging
for Electric Delivery Vehicles: A Deep

Reinforcement Learning Approach
Xiaowen Bi, Minyu Shen, Weihua Gu, Edward Chung, Yuhong Wang

Abstract—Motor vehicles typically exhibit a “speed-varying
range” (SVR) characteristic. For battery-powered electric vehi-
cles (BEVs), the range diminishes at higher speed. This character-
istic greatly impacts BEV operation for demanding commercial
uses like express delivery, given their limited range and long
recharge times. In view of the above, this paper examines a new
electric vehicle routing problem that explicitly models BEVs’
SVR and considers the joint planning of BEV route, speed, and
charging under stochastic traffic conditions. A deep reinforce-
ment learning approach that exploits the interdependence among
the above three decision aspects is then developed to generate
real-time policies. Experiments on hypothetical and real-world
instances showcase that the proposed approach can efficiently
find high-quality policies that effectively accommodate BEVs’
SVR.

Index Terms—Electric Vehicle; Delivery Planning; Speed-
varying Range; Uncertain Traffic Condition; Deep Reinforcement
Learning

I. INTRODUCTION

Electric vehicles (EVs) have been considered as a promising
solution for sustainable road transportation. As compared to
internal combustion engine vehicles, EVs have significantly
less greenhouse gas and air pollutant emissions. They are also
two- to four-times more energy efficient and contribute to
reducing the societal reliance on fossil fuels [1].

The global EV market has been rapidly expanding. In 2022,
the EV sales exceeded 10 million worldwide, accounting for
14 % of all new vehicles sold [2]. In particular, over 70% of the
global stock are battery EVs (BEVs) [2]. Thanks to the steadily
declining price of automotive battery (150 $/kWh at a pack level
in 2022 [2]) and maturing BEV technologies, BEV models are
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now offered in most vehicle classes, including not only light-
duty vehicles such as electric cars mostly for private use, but
also medium- and heavy-duty vehicles like electric vans, buses,
and trucks typically adopted in commercial applications. The
expansion of BEV models has been driving the electrification
of commercial vehicle fleets in major markets, and the pene-
tration of medium- and heavy-duty BEVs is thus expecting a
rapid growth. In the sector of distribution logistics, Amazon
has been operating one of the largest fleets of more than 10000
Rivian electric delivery vans in the U.S. [3], and has initiated
the electrification of its European delivery network with the
rollout of 300 Rivian vans in German in 2023 [4]. The U.S.
Postal Service ordered 9250 Ford E-Transits electric vans (to
be delivered over the course of 2024) to electrify the last-mile
deliveries and is also actively exploring other avenues, e.g.,
Canoo electric vans [5]. The decarbonization of public transit
sector is also underway. In 2023, the Go-Ahead Group in UK
signed a repeat order for 141 BYD-Alexander Dennis electric
bus to continue its transition to zero-emission buses [6], and
the New South Wales government in Australia launched a state
program to drive towards zero emissions from public transport
by 2050 [7].

Despite the commercial sectors’ commitments to fleet elec-
trification, the medium- and heavy-duty BEVs with higher
gross weights suffer from more limited range (and longer
charging time for the larger batteries) compared to electric
cars. For medium-duty BEV models, the Amazon and Ford
E-Transits electric vans have an estimated maximum range of
240 [3], [4] and 256 km [5], respectively. One of the latest
double-decker electric bus model of BYD, C10MS, has a range
of up to 256 km [8]. In comparison, the Tesla model 3 electric
car can travel up to 629 km on a single charge [9], which
is much longer than the heavier models. Given such range
deficiencies, the commercial BEV models available nowadays
could already be incompetent on paper for many real-world
applications. For instance, both the delivery vans and transit
buses in the U.S. need to travel more than 300 km per day
on average [10], for which neither the aforementioned electric
van nor bus models could make it through without extra (time-
consuming) charging. In addition, the operating condition of
commercial applications is generally more demanding (than
private use), which would compromise the technical viability
of BEV models even further. For instance, en-route charging
could be difficult to arrange given a tight operational schedule,
and the energy efficiency (and thus also the range) of BEV
would be further degraded when the vehicle is heavily loaded
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or the air-conditioning consumption is high [11]. The core
reason for BEV’s range limitation lies in BEV batteries’
energy density, which is about 165 kWh/t – notably lower than
diesel fuel’s 12600 kWh/t [12]. The development of heavier
BEV models is thus challenging, as larger, heavier battery
packs are required, which further reduce range. Major tech-
nological advances are needed to overcome these limitations.
Hence, how to operate a commercial vehicle fleet that consists
of medium- and heavy-duty BEVs remains a practical yet
challenging problem.

In the literature, extensive engineering solutions have been
proposed to address the challenges hindering the adoption of
commercial BEVs. For instance, to facilitate the electrification
of public transit systems, [13] proposed a scheduling frame-
work for the electric bus fleets, taking the interactions between
the transportation and power networks into consideration. [14]
developed a strategy for the operation of electric buses in the
regions where heterogeneous energy resources are integrated.
In [15], the configuration of electrified public transit systems
that implement battery swapping technology was optimized.
The electric vans and trucks, on the other hand, are commonly
adopted for delivery tasks, which can be studied by modeling
as electric vehicle routing problems (EVRPs) or alike. EVRP
incorporates the use of EVs and possibly the planning of en-
route charging into the classic vehicle routing problem (VRP),
which typically seek to determine the optimal routes for the
delivery vehicles to traverse a given set of customers [16]. To
date, many EVRP variants have been introduced, considering
the time-of-use electricity price [17], battery swapping tech-
nology [18], vehicle-to-grid technology [19], traffic condition
uncertainties [20], mixed fleet [21], [22], and classic VRP
features, e.g., multiple depots [23], time window constraints
[24], [25], [26], and the vehicle capacity constraint [27], [28],
[29].

In particular, many studies highlighted the importance of
accurately estimating the energy efficiency of commercial
BEVs, which is highly sensitive to the operation conditions
[30], [31], [32], [33]. In practice, the operation condition is
governed by various factors, including not only “exogenous”
ones like the wind speed, temperature, and road conditions
[34], but also “endogenous” ones like the driving speed [35],
[36], [11], which is “controllable” to a certain extent, given
that either the human drivers or automated driving systems
could adjust the vehicle speed as needed. Of all the factors,
BEV speed is also one of the most influential, known as
“speed-varying range” (SVR). That is, as the speed increases,
the energy efficiency of BEV degrades and the effective range
diminishes. In [37], the real-world range of various BEV
models at highway speeds is examined. The statistics show that
all of them have varying degrees of such a mileage shrinkage.
For instance, the BMW iX1 xDrive30 SUV has a real-world
range of only 274 km, far below the WLTP-rated [38] range
of 440 km; the Mercedes EQV 300 electric van only manages
to travel 273 km before running out of power, despite having
a rated range of 363 km.

However, the intrinsically endogenous BEV speed is often
addressed as an exogenous factor when modeling BEVs’ SVR.
For instance, [31] developed a probabilistic Bayesian learning

model to estimate the energy consumption of BEV based on
empirical speed profiles and then optimize the delivery routes
accordingly. In [33], a robust optimization model was proposed
to determine the delivery routes for the BEV fleets, where the
vehicle speed is considered as one of the uncertainties. [39]
proposed a robust scheduling strategy for electric buses under
stochastic traffic conditions, where the bus speed is given by
trip time distributions. Even when BEV speed is considered
as an endogenous factor and either planned “offline” [40] or
controlled “online” [30], very few studies have incorporated
the requirements of commercial applications concurrently. In
regard to BEV adoption for delivery tasks, [32] is one of the
first papers that developed EVRP variants which model BEVs’
SVR by addressing the vehicle speed as an endogenous factor.
The conclusion was also insightful – a flexible speed choice
can greatly reduce the delivery cost when operating BEVs.
However, [32] is limited due to the following assumptions:

1) The BEV can be driven at any chosen speed.
2) The BEV is not allowed to be charged in the middle of

a delivery assignment.

Evidently, 1) and 2) do not always hold in practice because:
1) whether the BEV can travel at a desired speed depends on
the traffic conditions; 2) as discussed above, most commercial
BEV models available on the market still have limited ranges,
leaving them likely in need of en-route charging to complete
the delivery. In addition, since the traffic condition is uncertain
by nature, the outcome of speed planning & control is uncer-
tain, and given BEVs’ SVR, whether the BEVs need to be
charged en-route is also uncertain – if yes, then how to arrange
the BEV charging. Apparently, the removal of assumptions 1)
and 2) would result in a much more complicated but practical
problem. To the best of the authors’ knowledge, there has been
no solutions developed to it in the literature.

In light of the above, this paper aims to bridge the research
gap by introducing a data-driven approach that determines the
route, speed, and (en-route) charging for delivery BEV in real
time, addressing the SVR of BEV. The main contributions are
summarized as follows:

1) Based on the Markov decision process (MDP), a dynamic
EVRP model which aims at minimizing the total delivery
time is proposed, where:

a) The SVR of BEV is modeled to “bridge” the vehicle
speed and energy consumption.

b) The traffic condition is uncertain and disclosed dynam-
ically during the execution of delivery task [41].

c) The decision is to plan the delivery for BEVs in terms
of: (i) which path to take; (ii) how fast to drive; and
(iii) when, where, and how long to charge.

The model is referred to as D-EVRP-SVR-SP hereinafter,
where the “D” and “SP” stand for the consideration of
dynamic traffic condition and speed planning decision
respectively.

2) A deep reinforcement learning (DRL) approach that ex-
plicitly exploits the domain knowledge of the interdepen-
dence among the three decisions is developed to solve the
high-complexity D-EVRP-SVR-SP with real-time policy.
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3) Numerical studies are performed using both hypothetical
and real-world instances, demonstrating that:

a) The proposed DRL approach can efficiently find qual-
ity D-EVRP-SVR-SP policies that outperform a variety
of benchmarks.

b) BEVs’ SVR can be addressed by planning the speed
proactively – by slowing down the BEV at appropriate
times, the en-route charging time can be reduced so that
it outweighs the added travel time, thereby reducing the
total delivery time.

The rest of the paper is organized as follows. In Sect. II, the
components and formulation of D-EVRP-SVR-SP model are
introduced. Sect. III describes the proposed DRL approach.
Numerical results and discussions are presented in Sect. IV.
Sect. V concludes this paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Overview

The D-EVRP-SVR-SP model is illustrated in Fig. 1, where
the figure at left shows the application scenario, and the curve
at right demonstrates the modelling of BEVs’ SVR. D-EVRP-
SVR-SP considers a scenario where a set of customers scatters
across an area. Each of them has a deterministic demand for
goods. To satisfy their demands, a single BEV is dispatched
from the depot to carry out the delivery. When the BEV does
not have enough goods for any of the remaining customers,
it needs to return to the depot for replenishment. The BEV
can also visit the charging stations within the area to top up
its battery if necessary. After all the customers are served, the
BEV needs to return to the depot, which marks the end of the
delivery.

The objective of D-EVRP-SVR-SP is to decide on the BEV
route, speed, and charging, such that the total delivery time
can be minimized. The delivery time comprises both BEVs’
on-road travel time and en-route charging time. In particular,
the travel time depends on the BEV speed, which is governed
jointly by the speed decision and uncertain traffic condition
that is disclosed in real time and dictates the range of candidate
speeds. For instance, the BEV may not be able to speed up
if the traffic is congested and slow (represented by the dotted
arrows in Fig. 1).

It is worth noting that although the energy consumption of
BEV is not directly optimized, D-EVRP-SVR-SP inherently
characterizes the trade-off between traveling and (en-route)
charging: sustaining a higher speed allows the BEV to traverse
the customers faster, but as a result of BEVs’ SVR, consume
more energy at the same time, potentially necessitating costly
en-route charging (i.e., deadhead trips and long charging time).
Hence, the total delivery time is in fact an indirect indication
of the BEV energy consumption.

Sects. II-B–II-D respectively introduce the components of
D-EVRP-SVR-SP, modeling of D-EVRP-SVR-SP as an MDP,
and statement of the underlying optimization problem.

B. Model Components

The components of D-EVRP-SVR-SP, including a road net-
work and an energy dynamics model for BEV, are introduced.

1) Road Network: D-EVRP-SVR-SP is defined over a
complete graph G = (N , E ,W), where N denotes the set
of nodes (points-of-interest) that includes:

• A depot (no): The depot is assumed to have infinite
supplies of goods. The goods can be loaded onto the BEV
at the depot in no time.

• A set of customers (Ns): Each customer i ∈ Ns has
a deterministic demand hi. The unloading time at a
customer node is also assumed to be zero.

• A set of charging stations (Nc): All the charging stations
are assumed to be equipped with level-3 chargers (e.g.,
50 kW DC chargers) with the same specifications. The
BEV can start charging at any station without waiting.

In addition, E = {(i, j)|i, j ∈ N , i ̸= j} denotes the set of
edges that represent the road segments connecting the nodes.
The last element W =

{
(dij , v̄ij , vij)|(i, j) ∈ E

}
denotes the

set of weights associated with the edges, where dij is the
length of the edge between nodes i and j, and v̄ij , vij are the
upper and lower speed limits1. To model the uncertain traffic
conditions, v̄ij and vij are assumed to be randomly generated
when the BEV starts off on edge (i, j).

2) An Energy Dynamics model for the BEV: To characterize
how the BEV’s range varies with its speed, an energy dynamics
model that bridges the BEV speed and state-of-charge (SoC)
is adopted [11]. It should be noted that the proposed DRL
approach is model-free and can thus be used in conjunction
with any model proven to be accurate. The traction power of
a BEV is given by:

Ptract =

(
µrmg cos ζ +mg sin ζ +

1

2
ρµdfv

2 +mv̇

)
·v, (1)

where µr is the rolling friction coefficient; m is the mass of
the vehicle, consisting of curb weight mg , and cargo weight
mc (with a maximum payload of m̄c); g is the gravitational
acceleration; ζ is the road gradient; ρ is the air density; µd
is the aerodynamic drag coefficient; f is the vehicle’s frontal
area; v and v̇ denote the speed and acceleration of the BEV,
respectively. Eq. (1) states that a running BEV must overcome
the rolling, grade, aerodynamic and inertia resistances (which
correspond to the four terms within the parentheses of Eq. (1)
from left to right). Eq. (1) is a cubic function of v, indicating
that more energy is needed to cover a trip traveled at a higher
speed.

The energy required for the propulsion of a BEV is provided
by its battery. Assuming the BEV is equipped with an electric
motor that has an energy efficiency of η, the electric power to
be drawn from the battery is estimated as:

Pbatt =
1

η
Ptract. (2)

The dynamical behavior of BEV’s Lithium-ion (Li-ion) battery
can be modeled using the equivalent electrical circuit methods
[42]. Here, each electro-chemical cell of the battery pack is
represented by a circuit consisting of a controlled open-circuit
voltage source Uoc(t) in series with a constant resistance

1Speed limits are considered as macroscopic attributes of the road network
edges, setting aside the microscopic behaviours of individual vehicles includ-
ing acceleration and deceleration.
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Fig. 1: Illustration of D-EVRP-SVR-SP, where the SVR curve is drawn based on the performance of Mitsubishi i-MiEV [11].

Roc. An empirical relationship between Uoc(t) and the BEV’s
SoC(t) can then be established as:

Uoc(t) = x1 −
x2

SoC(t)
+ x3e

−x4Qbatt(1−SoC(t)), (3)

where x1, x2, x3, and x4 are model parameters to be estimated
from the battery’s discharging curves; and Qbatt is the capacity
of the battery pack. Details are omitted here. Interested readers
can refer to [42]. The SoC(t) in the discharging and charging
processes of the battery can be derived as follows:

• Discharging process: The discharging rate is given by:

d

dt
SoC(t) = − I(t)

Qbatt
, (4)

where I(t) is the circuit current at time t, obtained as:

I(t) =
Uoc(t)−

√
U2

oc(t)− 4 ·Roc · Pcell

2 ·Roc
, (5)

where Pcell is the electrical power supplied by each cell.
Assuming the cells are connected in a Np-parallel-and-
Ns-series structure (where Np is the number of parallel
series connections of cells and Ns is the number of
cells in each serial connection), and the battery energy
is evenly distributed across them, Pcell can then be calcu-
lated as Pbatt/(Np ·Ns). Combining Eq. (1) – (5) with the
speed profile and the battery’s initial conditions will give
the SoC(t) at any time t when the BEV is traveling.

• Charging process: The cells of Li-ion battery are charged
with firstly a constant current (CC) Icc and then a constant
voltage (CV) Ucv. During the CC phase, the charging
curve is roughly linear. Thus, SoC(t) is given by:

SoC(t) = SoC0 −
Icc · t
Qbatt

,∀t < ts, (6)

where SoC0 is the initial SoC when the charging starts; ts
is the time when the terminal voltage, U(t), reaches Ucv.
In other words, U(t) < Ucv if t < ts, and U(t) = Ucv if
t ≥ ts. The U(t) is supplied by the charger. Note that Icc
is negative, indicating that the current flows from U(t)
to the voltage source Uoc(t). After U(t) increases to Ucv,

the charger switches to the CV phase and the charging
rate gradually decreases as follows:

d

dt
SoC(t) =

Ucv − Uoc(t)

Qbatt ·Roc
,∀t ≥ ts. (7)

Combining Eq. (3), (6), and (7) gives the SoC(t) at any
time during a charging process.

C. D-EVRP-SVR-SP as an MDP

D-EVRP-SVR-SP is modeled as a T -step (where T is a
random variable) finite-horizon MDP defined by a 4-tuple
{S,A, T ,R}, where S and A are the state and action spaces;
T is a set of state transition rules; andR is the reward function.
Detailed definitions are given as follows.

1) State: sk =
{
m

(k)
c ,SoC(k), n(k),H(k)

}
∈ S defines the

state at step k when the BEV has completed the activity at
its present location (i.e., cargo loaded at the depot, unloaded
at a customer node, or refueled at a charging station), and
is departing to continue the delivery. As mentioned before,
m

(k)
c and SoC(k) are the present cargo weight and battery

SoC of the BEV, respectively; n(k) is the node where the
BEV currently stays; and H(k) =

{
h
(k)
i |i ∈ Ns

}
is the set

of remaining customer demands. Two types of terminal states
(sub-scripted with T , i.e., ST ⊂ S) are defined as:

• SoC(k) > 0, n(k) = no, and h(k)i = 0,∀i ∈ Ns, implying
that the BEV has completed the delivery and returned to
the depot.

• SoC(k) = 0, suggesting that the BEV has run out of its
power before completing the delivery.

2) Action: ak =
(
n(k+1), v(k,k+1), τ

(k+1)
c

)
∈ A specifies

the action which the BEV needs to perform at step k, where
n(k+1) ∈ N \

{
n(k)

}
is the next node to visit; v(k,k+1) ∈ ϕ

is the average speed to maintain2 for the trip from n(k) to
n(k+1), where ϕ is a set of discrete speeds; and τ

(k+1)
c ∈ ψ

is the charging time at n(k+1) with ψ being a set of discrete
charging times, which includes 0 indicating no charging.

2The acceleration v̇(k,k+1) is assumed to be 0, i.e., no inertia resistance.



5

3) Transition: The MDP transits from state sk to sk+1 by
performing action ak (i.e., sk+1 = T (sk, ak)). The features
of sk+1 are updated as follows:

• Cargo weight (m(k+1)
c ):

m(k+1)
c =


m̄c if n(k+1) = no

m
(k)
c − h(k)n(k+1) if n(k+1) ∈ Ns

m
(k)
c if n(k+1) ∈ Nc.

(8)

• BEV SoC (SoC(k+1)):

SoC(k+1) = SoC(k) −

{
SoCd + SoCc if n(k+1) ∈ Nc
SoCd otherwise,

(9)
where SoCd = DP

(
SoC(k),m

(k)
c , v

(k,k+1)
s , d(k,k+1)

)
and SoCc = CP

(
SoC(k), τ

(k+1)
c

)
are the SoC variations

incurred by BEV discharging or charging during the
transition, with DP(·) and CP(·) being the functions
which respectively encapsulate all relevant calculations
that model the discharging and charging processes as in
Sect. II-B2. d(k,k+1) is the distance between n(k) and
n(k+1). v(k,k+1)

s denotes the average speed of BEV when
traveling from n(k) to n(k+1). The value of v

(k,k+1)
s

depends not only on the action v(k,k+1), but also the
stochastic traffic conditions. Let v̄ and v be the associated
upper and lower speed limits, then v(k,k+1)

s is given by:

v(k,k+1)
s =


v if v(k,k+1) < v

v(k,k+1) if v ≤ v(k,k+1) ≤ v̄
v̄ if v(k,k+1) > v̄.

(10)

The transitions are thus stochastic considering the un-
certainties in speed limits. In this work, no domain
knowledge regarding the transition probability or the
traffic conditions is assumed.

• Next node (n(k+1)): n(k+1) is as given by the associated
action.

• Customer demands (H(k+1)): If n(k+1) ∈ Ns, the de-
mand of n(k+1) is fulfilled and the associated element in
H(k+1) is updated accordingly, i.e., h(k+1)

n(k+1) = 0. Here,
demand splitting is not considered, i.e., each customer
can only be visited once.

4) Reward: The transition from state sk to sk+1 incurs a
step reward rk = R (sk, ak, sk+1), which is defined as:

rk =
d(k,k+1)

v
(k,k+1)
s

+

{
τ
(k+1)
c + ϵ (sk+1) if n(k+1) ∈ Nc
ϵ (sk+1) otherwise,

(11)

where ϵ(·) is a penalty function of sk+1, which returns a large
positive constant ϵ̄ if BEV’s battery is depleted at step k + 1
(governed by the battery discharging process in Sect. II-B2),
and 0 otherwise. Eq. (11) incentivizes the minimization of
time cost (i.e., travel time and charging time (if applicable) of
BEV) and constraint violation resulted by the state transition.

D. Problem Statement for D-EVRP-SVR-SP

As an MDP, D-EVRP-SVR-SP seeks a stochastic policy
π that maps the state sk to the action ak (i.e., π(ak|sk)),

such that the following objective J , the expectation of episodic
return G, is maximized (i.e., minimizing the total delivery time
and constraint violations):

max
π

J = E [G] = E

[
T∑
k=0

γkrk

]
, (12)

where γ ∈ [0, 1] is the factor for discounting future rewards.
A smaller γ favors a more “short-sighted” decision-making.

III. METHODOLOGY

The proposed DRL approach for solving D-EVRP-SVR-SP
follows the actor-critic paradigm, in which the actor and critic
learn a policy and a value function respectively. To collect
transition samples for agent training, the actor interacts with
an “environment” that implements the MDP of D-EVRP-SVR-
SP. In the following subsections, the building blocks of our
approach, including the state embedding method, the design
of actor and critic, and training algorithm, are respectively
introduced in detail.

A. State Embedding

In order to facilitate the agent training, the state sk is at first
processed with an embedding layer, where each state feature
is normalized and mapped into a Dh-dimensional space. The
embedded state s̃k is given by:

s̃k =

[
Fm

(
m

(k)
c

m̄c

)
⊕ Fs

(
SoC(k)

c

)
⊕ Fn

(
n(k)

)
⊕

Fh

({
h
(k)
i∑

j∈Ns
h
(k)
j

|i ∈ Ns

})]
,

(13)

where Fm(·), Fs(·), Fn(·)3, and Fh(·) are non-linear mappings
(e.g., multi-layer perceptron with ReLU activation) that embed
the respective features; ⊕ is the vector concatenation operator.
To facilitate a better reasoning, a vector of distances from n(k)

to all the other nodes is also embedded and concatenated to
s̃k. The output of embedding layer ŝk is thus:

ŝk =

[
s̃k ⊕ Fd

({
dn(k),i

d̄
|i ∈ N\{n(k)}

})]
, (14)

where d̄ = max(i,j) ({dij |(i, j) ∈ E}) is the maximum dis-
tance between any two nodes; Fd(·) is a non-linear mapping.

B. Actor

1) Coupled Decision-making: In D-EVRP-SVR-SP, the ac-
tion space has three intuitively coupled dimensions. Deter-
mining which node the BEV should be visiting next (i.e.,
n(k+1)) designates an upper bound for the step reward because
the BEV cannot travel faster than the maximum speed (see
Eq. (10)). The speed choice for the BEV, v(k,k+1), depends on
the selection of n(k+1), or more specifically, the time-varying
traffic condition and the distance to n(k+1). In order to improve
J , the BEV may either speed up to reduce the travel time

3Since the location of BEV is a discrete node index, it is firstly written as
a one-hot vector, and then fed into Fn(·).
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(i.e., receiving a high immediate reward), or proactively slow
down to reduce the energy consumption and consequently the
charging time (i.e., anticipating a high future reward). Actions
n(k+1) and v(k,k+1) jointly update the BEV status, e.g., SoC.
The updated status and the delivery progress indicated by the
remaining customer demands are then key references to the
charging time decision τ (k+1)

c given n(k+1) ∈ Nc.
In light of the above, the actor is designed based on the

architecture of modified MDP [43], such that the “coupled”
relationship between the three decisions is utilized. Specifi-
cally, the actor is composed of three M -layer residual neural
networks [44]. They are referred to as the node network (left),
speed network (middle), and charging network (right). Each
network’s residual layer has Dr neurons. Let yi be the input
to the i-th residual layer, and F (·) be a non-linear mapping,
yi+1 can be obtained as:

yi+1 = F (yi) + yi. (15)

Considering the embedded state at step k, ŝk, the probability
distributions over the three dimensions of action ak (i.e., the
node, speed, and charging time, denoted by Pnode, Pspeed, and
Pcharge) are given by the three networks and the follow-up
(masked) softmax activation successively as:

Pnode(ŝk) = softmax
{

RNn [ŝk] + log
[
Z(k)
n

]}
, (16a)

Pspeed(ŝk, n
(k+1)) = softmax

{
RNs

[
ŝk ⊕ Fn

(
n(k+1)

)]}
,

(16b)

Pcharge(ŝk, n
(k+1), v(k,k+1)) = softmax

{
RNc

[
ŝk⊕

Fn

(
n(k+1)

)
⊕ Fv

(
v(k,k+1)

maxϕ

)]
+ log

[
Z(k)
c

]}
,

(16c)

where softmax {·} is the activation function; RNn[·], RNs[·],
and RNc[·] are the operations of processing the input with M
stacked residual layers using the respective networks. Vectors
Z

(k)
n ∈ {0, 1}|N | and Z

(k)
c ∈ {0, 1}|ψ| are respectively

referred to as the node mask and charging time mask, where |·|
is the cardinality of a set. They are built based on the raw state
features to filter out the node and charging time options that
are invalid at step k. The “infeasible” options are indexed by
0, and thus assigned with a probability approaching 0. Details
on how these two masks are built are introduced later in this
subsection.

Based on Pnode, Pspeed, and Pcharge, the action nk+1, v(k,k+1),
and τ

(k+1)
c can be determined one-by-one through either

acting greedily (i.e., picking with the highest probability) for
evaluation, or random sampling for training (e.g., n(k+1) ∼
Pnode(ŝk)). In particular, nk+1 and v(k,k+1) are processed by
non-linear mappings Fn(·) and Fv(·) (which maps scalar speed
v(k,k+1) to a Dh-dimensional vector), and then concatenated
to ŝk as “intermediate” feature inputs to either the speed
or charging network. Eq. (16b) and (16c) essentially state
that the selection of v(k,k+1) and τ

(k+1)
c is conditional on

the preceding decision(s), aiming to capture the underlying
interdependence. To proceed to the next state, action ak is

obtained by concatenating the three decisions and feeding
them into the D-EVRP-SVR-SP environment.

2) Masking Scheme: To accelerate the training process and
ensure the feasibility of solutions, a node mask and a charging
mask are built whenever the actor is about to make a move.
The masking procedures are introduced as follows:

• Node mask (Z(k)
n ): Let z(k)i be the element of Z

(k)
n

corresponding to node i at step k, the value of which
is determined according to the node type and state sk:

(i) i = n(k): z(k)i = 0.
(ii) i = no or i ∈ Nc: z(k)i = 0 if n(k) and i are of the

same type, and 1 otherwise.
(iii) i ∈ Ns: z(k)i = 0 if h(k)i = 0, and 1 if 0 < h

(k)
i ≤

m
(k)
c .

where n(k), h(k)i , and m(k)
c are given by sk.

• Charging time mask (Z(k)
c ): If n(k) ∈ Nc, the elements

of Z(k)
c associated with non-zero charging time options

(in set ψ) are set to 1. Otherwise, no charging is the only
feasible option.

C. Critic

To facilitate the parameter optimization of the actor (such
as by reducing the gradient variance), the critic evaluates the
performance of the actor by learning the state-value function V
throughout the training. Like the node/speed/charging network
of the actor, critic is also an M -layer residual network that
takes the embedded state ŝk as input. Yet, the output is a
scalar state value V (sk). It should be noted that the critic
uses a different embedding layer than the actor, which implies
that the critic interprets the state from another perspective.

D. Training Algorithm

Let θ and ω denote the trainable parameters of the actor
and critic (including both the embedding layers and residual
networks), the targeting stochastic policy π and state-value
function V are essentially πθ and Vω , where the subscripts
represent the parameterization.

Based on the policy gradient theorem [45], the actual
gradient of objective J with respect to θ is estimated as:

∇θJ =
1

B

B∑
b=1

[
T∑
k=0

(Gk − Vω(sk))∇θ log (πθ (ak|sk))

]
,

(17)
where B is the number of D-EVRP-SVR-SP episodes (i.e.,
sequences of all transitions from initial to terminal state)
that are simulated following πθ; Gk denotes the total reward
accumulated from step k until any terminal state is reached.
With ak being a three-dimensional action, the logarithm of
πθ(ak|sk) is:

log (πθ (ak|sk)) = log
(
p(k)n

)
+ log

(
p(k)s

)
+ log

(
p(k)c

)
,

(18)
where p(k)n ∈ Pnode, p(k)s ∈ Pspeed, and p(k)c ∈ Pcharge denote the
probabilities associated with each element of ak. Note that the
probability vectors are in fact also functions of θ (e.g., Pnode
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should be written as Pnode,θ). The subscript θ is omitted here
for readability.

To prevent the premature convergence of πθ and encourage
the actor’s exploration, ∇θJ is further regularized as:

∇θĴ(λ) = ∇θJ + λ∇θE (πθ) , (19)

where λ controls the strength of exploration, the value of
which decays exponentially as the training progresses (i.e.,
from λini to λend, at a rate controlled by a hyper-parameter α);
E (πθ) is the entropy of πθ given by:

E (πθ) =−
1

B

B∑
b=1

{ T∑
k=0

[⟨Pnode, log(Pnode)⟩+

⟨Pspeed, log(Pspeed)⟩+ ⟨Pcharge, log(Pcharge)⟩]
}
,

(20)

where ⟨·, ·⟩ denotes the inner product of vectors.
On the other hand, the parameters of the critic ω can be

updated with an aim of minimizing the mean squared error
(MSE) of the state value estimation:

Lcritic =
1

B

B∑
b=1

[
T∑
k=0

(Gk − Vω(sk))2
]
. (21)

Based on above gradient estimations, a training algorithm is
proposed as in Algorithm. 1 to optimize the agent parameters.

IV. NUMERICAL RESULTS AND DISCUSSIONS

This section aims to: 1) evaluate the performance of the
proposed DRL approach; and 2) justify the significance of con-
sidering speed planning and SVR modeling in BEV-related op-
erational problems. Both the D-EVRP-SVR-SP environments
and the DRL model are implemented in Python (with Pytorch).
All the experiments are performed on a Dell workstation with
Intel Xeon Gold 6126 CPU (2.60 GHz × 24) and 64 GB DDR4
memory.

A. Settings

1) DRL: The actor and critic map each state or interme-
diate feature (e.g., BEV speed sampled for coupled decision-
making) into a 32-dimensional vector space (i.e., Dh = 32).
Despite the differences in input and output dimensions, all
the agent networks (i.e., node networks of the actor and
value network of the critic) have M = 4 residual layers,
each of which has a size of Dr = 256. In each training
iteration, B = 32 episodes of the problem instance are
generated, and the model parameters are updated using the
Adam optimizer at a rate of β = 2e − 4. The training is
performed for I = 1500 iterations in total. The exploration
strength decays from λini = 0.05 to λend = 0.01 within
approximately 550 iterations, which is given by α = 150. Note
that the above hyper-parameters are selected for achieving the
best overall performance across various setups, as identified
through extensive grid searches.

Algorithm 1: The training of DRL agent
input : I - total number of iteration; B - number of

simulation episode; γ - discount factor;
βactor, βcritic - agent learning rates; λini, λend, α
- exploration strength

output: Trained actor parameter θ∗

1 Initialize the agent parameters θ, ω randomly, and
λ← λini;

2 for i← 1 to I do
3 Initialize an episode buffer U ← ∅;
4 for b← 1 to B do
5 Initialize an episode u← ∅;
6 for k ← 1 to T do
7 For non-terminal state sk, sample a node

for BEV to visit: n(k+1) ∼ Pnode(ŝk);
/* Eq. (16a) */

8 Sample the BEV speed:
v(k,k+1) ∼ Pspeed(ŝk, n

(k+1));
/* Eq. (16b) */

9 Sample the BEV charging time:
τ
(k+1)
c ∼ Pcharge(ŝk, n

(k+1), v(k,k+1));
/* Eq. (16c) */

10 Take action

ak ←
(
n(k+1), v(k,k+1), τ

(k+1)
c

)
in

D-EVRP-SVR-SP environment to receive
the next state sk+1 ← T (sk, ak), and step
reward rk ← R (sk, ak, sk+1);

11 Add transition {sk, ak, sk+1, rk} to episode
u;

12 end
13 Add episode u to buffer U ;
14 end
15 Based on the episodes in U , update θ and ω as:

θ ← θ + βactor∇θĴ(λ), and
ω ← ω + βcritic∇ωLcritic; /* Eq. (19) and
(21) */

16 Perform entropy annealing as:
λ← λend + (λini − λend) · e−

i
α ;

17 end

2) D-EVRP-SVR-SP Environment: The following two
classes of D-EVRP-SVR-SP instances are considered for nu-
merical studies:

• Hypothetical instances: 120 hypothetical D-EVRP-SVR-
SP instances with three different settings (i.e., 40 in-
stances for each) are randomly generated. For the conve-
nience of discussion, they are named as “C3-S6-SoC0.4”,
“C4-S10-SoC0.6”, and “C5-S14-SoC0.8” to indicate the
difference. For example, in a “C5-S14-SoC0.8” instance
there are 5 charging stations and 14 customers (i.e.,
20 nodes in total including the depot), and the BEV
departs the depot with 80% SoC. The coordinates of
the nodes are sampled uniformly within a square area
of [0, 50000] (m) × [0, 50000] (m). The different initial
SoC represents real-world operational scenarios where the
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BEV may not start the delivery with a fully-charged bat-
tery, e.g., overnight or cross-shift deliveries, insufficient
charging infrastructures for the entire fleet.

• A real-world instance: A D-EVRP-SVR-SP instance in
real-world scale is built that encapsulates 13 main service
points of JD Logistics [46] (as customer nodes) and 7
public charging stations in Beijing, China. The locations
of the service points and charging stations are indicated in
latitude and longitude via Google Maps. Google Distance
Matrix API [47] is then adopted to obtain the distance
adjacency matrix. Please refer to Appendix. A for more
details on the instance. Following the naming of hypo-
thetical instances, it is hereinafter referred to as “JD-C7-
S13-SoC1.0”.

The following settings are fixed for all instances:
• For each customer, a continuous number is uniformly

sampled from 0.1 to 0.4 to indicate the demand as a
percentage of the BEV’s maximum payload.

• The speed and charging time set are ϕ = {5, 10, ..., 30}
(m/s) and ψ = {300, 600, ..., 1800} (s), respectively.
When the BEV departs a node, two distinct speeds will
be sampled from ϕ as the upper and lower speed limits,
respectively. It should be noted that the top speeds in
set ϕ (e.g., 25, 30 m/s) are valid for JD-C7-S13-SoC1.0
instance, given the fact that the nodes are mostly located
outside the Fifth Ring Road of Beijing, where the speed
limit is up to 100 km/h(≈ 28 m/s) [48]. The roads in the
network are assumed to be flat, i.e., gradient ζ = 0 (rad).

• Function ϵ(·) returns a constant ϵ̄ = 50000 to penalize
actions that result in constraint violation (i.e., BEV run-
ning out of power en-route). The episodic return G is
discounted by γ = 0.99.

• Nissan E-NV200 electric van is adopted for the delivery,
and the charging stations are all installed with 50 kW DC
fast chargers. Based on the battery characteristics (e.g.,
discharging profile) provided by the supplier Automotive
Energy Supply Corporation [49] and vehicle specifica-
tions provided by Nissan [50], the parameters associated
with its energy dynamics are derived as listed in Tab. I.
In particular, one can refer to [42] for more details on
the modelling of the battery behaviour (see Eq. (3)). In
Appendix. B, our energy dynamics model for E-NV200
is further validated.

B. Algorithmic Performance on Hypothetical Instances

In order to comprehensively evaluate the algorithmic per-
formance of proposed DRL approach, numerical comparative
studies based on the large variety of hypothetical D-EVRP-
SVR-SP instances are performed in this subsection.

1) Convergence Performance: For demonstrative purpose,
the proposed DRL approach is hereinafter termed as “DRL-
CPD”, where “CPD” stands for coupled decision-making. The
assessment is performed by comparing DRL-CPD with two
DRL-based alternatives:

• DRL with “plain” actor (DRL-PLN): DRL-PLN is the
same as DRL-CPD except that the former’s actor is
represented with a single residual network (instead of

TABLE I: Parameters associated with the energy dynamics of
E-NV200.

Parameters (Notations) Values (Units)

Curb weight (mg) 1500 (kg)

Maximum payload (m̄c) 700 (kg)

Rolling friction coefficient (µr) 0.01

Aerodynamic drag coefficient (µd) 0.4

Gravitational acceleration (g) 9.81 (m/s2)

Vehicle’s frontal area (f ) 1.75 (m2)

Air density (ρ) 1.055 (kg/m3)

Electric motor’s energy efficiency (η) 0.9

Capacity of battery pack (Qbatt) 32.5 (Ah)

Resistance (R) 1.033e-3 (Ω)

Number of parallel series connections of cells (Np) 2

Number of cells in each serial connection (Ns) 96

Constant current (Icc) -62.5 (A)

Constant voltage (Ucv) 4.015 (V)

three) with M = 6, Dr = 256. The input to the actor is
still the embedded state, while the output has a dimension
of |N |+ |ϕ|+ |ψ|, meaning that the probability distribu-
tions associated with the three-dimensional decisions are
generated concurrently.

• DRL with attention-based actor (DRL-ATTN): DRL-
ATTN extends the attention-based model presented in
[51] for the node network. Since the model has showcased
promising results when tackling VRP variants [52], DRL-
ATTN could be a rival to DRL-CPD. It is introduced as
in Appendix. C.
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Fig. 2: Learning curves of DRL-based methods.

Fig. 2 presents typical learning curves of DRL-CPD, DRL-
PLN, and DRL-ATTN for solving a C5-S14-SoC08 instance.
Compared to DRL-CPD and DRL-PLN, DRL-ATTN learned
more slowly, and converged to a policy that falls behind in
average episodic return (B = 32), accounting for the total
delivery time and penalty as given by Eq. (11) and (12). The
possible reason is as follows. The original design of DRL-
ATTN [51] aimed at producing policies that can generalize
well to problem instances with unseen settings, i.e., the trained
policy acted like a meta algorithm. However, our goal is to
find quality policy for specific D-EVRP-SVR-SP instances,
guiding the BEV delivery under uncertain traffic conditions.
The increased model complexity by incorporating attention
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mechanism seems to only make DRL-ATTN more difficult to
train.

Although the convergent policies of DRL-CPD and DRL-
PLN appear to have comparable average returns, DRL-CPD
costs nearly 50 less training iterations, or equivalently 1600
episodes of interactions with the D-EVRP-SVR-SP environ-
ment. This observation shows that the structure of coupled
decision-making endows DRL-CPD a better “understanding”
on the interdependence of decisions, and hence an improved
overall sample efficiency.

The training of DRL-CPD policies for C3-S6-SoC0.4, C4-
S10-SoC0.6, C5-S14-SoC0.8 instances for I = 1500 iterations
takes around 20, 40, and 50 minutes, respectively. Once the
policy is trained offline, it could be deployed online to suggest
real-time route, speed, and charging decisions within a blink
of an eye (i.e., within a second).

2) Quality of Solution Policies: The DRL-CPD policies are
compared against DRL-PLN, DRL-ATTN policies, and two
baseline policies, including: 1) a heuristic policy devised based
on the optimal solutions of a branch-and-price method (BPH);
and 2) a DRL policy trained using DRL-CPD with the speed
network disabled (SND), i.e., no speed planning:

• BPH: Considering the stochastic nature and large solution
space of D-EVRP-SVR-SP, developing an optimal pol-
icy using conventional optimization approaches directly
would be very difficult. A branch-and-price method for
capacitated VRP (CVRP) [53] is thus implemented to
find the optimal static routes for the BEV to traverse the
customer nodes. The BPH policy combines the optimal
routes with a set of parameterized decision rules to solve
D-EVRP-SVR-SP. Please refer to Appendix. D for more
implementation details.

• SND: The SND policy is trained under the same training
diagram and settings as DRL-CPD, except that the speed
network is disabled and a deterministic speed of 30 m/s
(which is the maximum possible speed in DRL-CPD as
defined in Sect. IV-A2) is assigned whenever an action
needs to be taken.

For the 120 instances of cases C3-S6-SoC0.4, C4-S10-SoC0.6,
and C5-S14-SoC0.8, the DRL-CPD, DRL-PLN, DRL-ATTN,
and SND models are respectively trained, and the BPH hyper-
parameters are searched. Each obtained policy is applied to roll
out the associated D-EVRP-SVR-SP instance for 30 episodes,
where the traffic conditions (i.e., speed limits) are randomly
generated. The resulting delivery times are averaged out to
serve as the performance indicator. The mean delivery times
and improvements by the DRL-CPD policies (over the others)
across all instances under different settings are reported in
Tab. II. Several observations are worth noting:

• The convergent policies of DRL-CPD outperform those
of DRL-ATTN by roughly 22% on average (which is
consistent with Fig. 2), and achieve relative improvements
of up to 4.2% (C3-S6-SoC0.4) over those of DRL-PLN.
This observation manifests that the proposed structure
of coupled decision-making also helps in finding better
policies.

• The DRL-CPD policies reduce the mean delivery times
by up to 6.3% (C5-S14-SoC0.8) compared to the BPH

policies. Although BPH policies guide the BEV mostly
based on the optimal routes generated by branch-and-
price, they still trail because DRL-CPD manages the three
decisions in a more comprehensive way. Note-worthily,
the grid search of BPH takes 32400 episodes of rollouts
(as specified in D), which is much more than DRL-CPD’s
19200 – the training converges within 600 iterations as
shown in Fig. 2).

• DRL-CPD outperforms SND by up to 3.2% (C3-S6-
SoC0.4), which shows that in the context of EVRP,
maintaining a high speed does not necessarily save the
delivery time due to BEVs’ SVR. The possible reason
is that, by slowing down the BEV, the time spent on
en-route charging can be reduced along with the energy
consumption, and the saving in charging time and the
charging-associated detours outweighs the added travel
time. To validate our speculations, the analysis of DRl-
CPD, BPH, and SND policies are furnished next.

Remark. The trainings of all DRL agents are based on the
same hyper-parameters settings in Sect. IV-A1. Tailoring the
setting for each individual D-EVRP-SVR-SP instance (e.g.,
via further grid search) may yield a better policy, but this
is beyond the scope of this work.

3) Analysis of Solution Policies: In Tabs. III, IV, and V, the
performance of DRL-CPD, BPH, and SND policies is respec-
tively compared for one selected instance under each setting
(i.e., S3-C6-SoC0.4, S4-C10-SoC0.6, and S5-C14-SoC0.8)4.
The comparison is based on their average performance over
50 episodes of rollouts.

The results show that the DRL-CPD policies outperform the
other two for minimizing the overall delivery time in all three
instances, since they enable the delivery to be completed with
a shorter en-route charging time. For instance, in the C5-S14-
SoC0.8 instance, the DRL-CPD policy averages a charging
time of 2160 seconds which is shorter than BPH’s 2656.3 and
SND’s 2376 seconds. Despite scheduling the least amount of
charging time, the DRL-CPD policies are in fact also fairly
reliable, with no BEV depleting its power en-route (i.e., no
infeasible episodes). In contrast, the BEV is more prone to
be under-charged under the BPH policy particularly when the
problem scale is large (e.g., 2 infeasible episodes for BPH
policy in C5-S14-SoC0.8 instance).

Further examination of the tables shows that, the DRL-CPD
policies behave very differently across different instances in
terms of how to reduce the total delivery time. In particular,
we consider that the DRL-CPD policies of S3-C6-SoC0.4 and
S5-C14-SoC0.8 instances have similar characteristics which
are different from that of S4-C10-SoC0.6 instance. Under the
first two policies, though the BEV is not required to sustain
the same maximum speed as with SND policy, a fairly high
speed needs to be maintained to ensure the delivery won’t
be delayed too much on the road. Taking the S3-C6-SoC0.4
instance as an example, the BEV averages a travel speed
of 20.5 and 21.4 m/s by following the DRL-CPD and SND

4Note that Tab. II compares the average policy performance across multiple
instances under each setting.
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TABLE II: Comparing DRL-CPD with DRL-based alternatives and baseline policies.

Mean Total Delivery Time (second) Improvements by DRL-CPD

DRL-CPD -PLN -ATTN BPH SND -PLN -ATTN BPH SND

C3-S6-SoC0.4 10438 10894 15195 10817 10784 4.2% 31.3% 3.5% 3.2%

C4-S10-SoC0.6 14695 14741 18855 15119 14764 0.3% 22.1% 2.8% 0.5%

C5-S14-SoC0.8 18503 18766 21783 19745 18796 1.4% 15.1% 6.3% 1.6%

TABLE III: The performance of policies for C3-S6-SoC0.4 instance.

Policies
Delivery Time (second) #Infeasible

Episodes

Energy

Consumption (Wh)

Energy

Efficiency (Wh/km)

Travel

Distance (km)

Travel

Speed (m/s)Overall Travel Charging

DRL-CPD 6271.2 5671.2 600.0 0 13240.2 113.9 116.2 20.5

BPH 6666.9 5748.9 918.0 0 13435.0 115.9 116.0 20.2

SND 6335.5 5435.5 900.0 0 14323.5 123.0 116.4 21.4

TABLE IV: The performance of policies for C4-S10-SoC0.6 instance.

Policies
Delivery Time (second) #Infeasible

Episodes

Energy

Consumption (Wh)

Energy

Efficiency (Wh/km)

Travel

Distance (km)

Travel

Speed (m/s)Overall Travel Charging

DRL-CPD 10075.9 9475.9 600.0 0 18861.3 104.9 179.9 19.0

BPH 10472.5 9272.5 1200.0 0 20510.0 111.5 183.9 19.8

SND 11896.5 10096.5 1800.0 0 26007.1 121.5 214.1 21.2

TABLE V: The performance of policies for C5-S14-SoC0.8 instance.

Policies
Delivery Time (second) #Infeasible

Episodes

Energy

Consumption (Wh)

Energy

Efficiency (Wh/km)

Travel

Distance (km)

Travel

Speed (m/s)Overall Travel Charging

DRL-CPD 19406.6 17246.6 2160.0 0 43416.2 121.2 358.2 20.8

BPH 22512.6 19856.3 2656.3 2 43808.9 111.4 393.4 19.8

SND 19502.1 17126.1 2376.0 0 43709.7 122.2 357.6 20.9

policies, respectively. For a similar route planning outcome
with a travel distance of approximately 116 km, the DRL-
CPD policy achieves an average travel time of 5671.2 seconds
which is slightly longer than SND’s 5435.5 seconds. However,
by introducing a flexible and sensible speed planning (i.e.,
slowing down the BEV proactively), the DRL-CPD policy
reduces the total energy consumption from (SND’s) 14323.5
to 13240.2 Wh, thereby lowering the charging time of BEV
from 900 to 600 seconds. That is, the decrease in charging time
outweighs the increase in travel time and ultimately contributes
to less overall delivery time, which validates our speculation
in Sect. IV-B2. The BPH policy, on the other hand, exhibits
a rather “crude” decision-making process. As a result, the
speed and charging decisions are relatively conservative (i.e.,
with the longest charging time of 918 seconds and lowest
travel speed of 20.2 m/s), in order to ensure the completion of
delivery as far as possible. The BPH policies are hence easily
outperformed by DRL-CPD policies.

While for the S4-C10-SoC0.6 instance, the DRL-CPD pol-
icy takes a different strategy, which is to slow down the BEV
as much as possible in exchange for the shortest possible en-
route charging time. Under the DRL-CPD policy, the average
speed of BEV is 19 m/s, which is even lower than the BPH’s
19.8 m/s. The lowest speed delivers the best energy efficiency
of 104.9 Wh/km, which, along with the shortest travel distance
(i.e., 179.9 km), results in the least overall energy consumption

(i.e., 18861.3 Wh/km) and the shortest charging time of 600
seconds for the DRL-CPD policy. In comparison, the BPH and
SND policies cost the BEV a much longer charging time (of
1200 and 1800 seconds), and hence the overall delivery time.
The observation reaffirms our speculation that with a proper
planning particularly over the BEV speed, the time cost of en-
route charging can indeed be reduced to offset the potential
increase in travel time due to slower speed, thereby improving
the overall delivery efficiency.

Fig. 3 visualizes the DRL-CPD, BPH and SND policies for
the respective instances in Tabs. III, IV, and V. As captioned,
the shape of the markers indicates the type of nodes. The line
style of edges indicates the average speed that BEV needs
to sustain (according to the underlying policy). The charging
times and locations are given by the legend inside each sub-
figure (e.g., in the form of “location: time”). Fig. 3 shows
that the three policies can make sensible but distinct decisions
with regard to the delivery route, speed, and charging of BEV.
To demonstrate the impact of BEVs’ SVR, let’s take a closer
look at the policies for the C4-S10-SoC0.6 instance (i.e., the
sub-figures in the middle column). Under the SND policy, the
BEV visits the following nodes in turn as its second and third
round trips: 0 → 10 → 7 → 11 → 6 → 1 → 0 → 5 →
8 → 2 → 0. It is apparent that after serving node 6, the
BEV could have visited node 0 for replenishment and later
stopped by node 2 for charging, thereby avoiding a detour to
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charging station 1. However, the BEV has a SoC of only 27%
when departing node 6, which is risky for it to visit node 0
and 2 consecutively at 305 m/s. A detour must hence be made
to node 1. Such charging detours, together with the prolonged
charging time incurred by high-speed travel, jointly undermine
the overall performance of SND. In comparison, the DRL-CPD
policy explicitly addresses the SVR of BEV, and implements
a flexible speed planning, rendering the BEV to always have
sufficient SoC to skip unnecessary detours (see the DRL-CPD
policy in the first sub-figure of the middle column).

4) Policy Adaptability to Varying Traffic Conditions: One
of the major advantages of DRL-based policies over conven-
tional ones is the ability to generalize over unseen states and
make informed decisions. In the context of D-EVRP-SVR-SP,
the environmental uncertainty comes from the varying traffic
conditions. To demonstrate the “responsiveness” of DRL-CPD
policy, in Tab. VI we present its performance for one selected
C5-S14-SoC0.8 instance under different traffic conditions, or
more specifically, speed limit samples6. The results show that
the episodic performance of the DRL-CPD policy may deviate
significantly from the average performance (over 50 episodes)
depending on speed limits. As one would intuitively expect,
the DRL-CPD policy minimizes the overall delivery time when
the traffic condition is “smooth” and the BEV is allowed to
travel at any preferable speed (i.e., achieving a delivery time of
17426.2 seconds given v̄ij = 30 and vij = 5 m/s). It is worth
noting that even for this “best-case scenario”, the actual BEV
speed is 27.2 m/s, lower than the maximum possible speed of
30 m/s. Such an observation again demonstrates that sustaining
a high speed in a BEV does not necessarily shorten the overall
delivery time. When effective speed limits are introduced, the
BEV is steered to travel as fast as possible (e.g., the BEV
sustains a travel speed of v̄ij = 20 m/s under the “moderate”
traffic condition), because the degradation of traffic condition
has already resulted in considerably longer travel time, which
outweighs the reduction in en-route charging time due to low-
speed driving.

In Tab. VII, we present the decision outcomes of the DRL-
CPD policy for the same set of episodes of the C5-S14-SoC0.8
instance in Tab. VI. The results show that the DRL-CPD policy
can adapt well to the changes in traffic conditions. When the
traffic is “smooth”, the BEV needs to be charged 5 times at
4 different charging stations (including node 4, 3, 2 and 5) to
cope with the high overall energy consumption (of 56371.2
kW) due to high-speed travel (i.e., at 27.2 m/s). As the road
network becomes congested and the BEV speed is limited, the
DRL-CPD policy adapts accordingly in terms of the planning
of BEV route and charging. For instance, the DRL-CPD policy
mainly adjusts the first and third round trip7 when the traffic
condition changes from “smooth” to “heavy”: for the first trip,
the visit to charging station 4 is cancelled; while for the third
trip, the two visits to charging station 5 is replaced with one
visit to station 2, and part of the node visiting sequence is
reversed (i.e., from 13→ 18→ 9 to 9→ 18→ 13).

5The actual speed is subject to the varying traffic condition
6Note that for each episodic performance, the same set of speed limits is

set for all the roads to make up a fair comparison.
7We consider departing & returning to the depot 0 as one round trip.

C. The Real-world Case Study

To examine the practical significance of proposed approach
under a real-world setting, we compare the DRL-CPD, BPH,
and SND policies for D-EVRP-SVR-SP instance JD-C7-S13-
SoC1.0 in Tab. VIII. For 50 episodes of rollouts, the DRL-
CPD policy averages an overall delivery time of 19259.1 sec-
onds, which outperforms BPH’s 21325.3 seconds and SND’s
19978.4 seconds. Similar to the policies for the C3-S6-SoC0.4
and C5-S14-SoC0.8 instance (see Sect. IV-B3), the DRL-CPD
policy for JD-C7-S13-SoC1.0 instance steers the BEV to travel
at a speed of 20.8 m/s, higher than BPH’s 18.6 m/s but lower
than SND’s 21.1 m/s.

In terms of speed choices, BPH is apparently overly “con-
servative” which, although facilitating the least overall energy
consumption (39438.9 kW) and therefore the shortest en-route
charging time (1768.1 seconds), also led to the longest travel
time (19557.2 seconds) among the three. As a result, BPH is
again outperformed by DRL-based policies significantly.

While the SND policy pays a price for attaining the highest
travel speed, with the longest en-route charging time (of 2268
seconds) and a travel time (of 17710.4 seconds) slightly longer
than that of DRL-CPD policy, possibly due to the extra detours
to the charging stations. Although the DRL-CPD policy only
reduces the delivery time by 3.6% compared to SND policy,
the real-world impact can be significant, particularly for large-
scale, time-sensitive, marginally profitable applications such as
trucking in the U.S. In 2022, trucks transported 11.46 billion
tons of freight, accounting for 80.7% of the nation’s freight
expenditure [54]. The 14.33 million registered trucks traveled
a combined 331.27 billion miles with an average speed of 55
miles per hour [55], [56]. The travel time thus totals around
6.02 billion hours. Due to BEV’s range limitation, electrifying
the truck fleet would necessitate charging en-route especially
for interstate corridors [57]. A 3% of improvement translates
to a reduction of about 180.6 million hours of delivery time
and potential cost saving of 4.5 to 36.1 billion USD (value of
travel time ranges from 25 to 200 USD per hour [57]).

In Fig. 4, the three policies for JD-C7-S13-SoC1.0 instance
are visualized for a randomly picked episode. The illustration
shows that all the policies can make sensible decisions and the
underlying characteristics align with the policy performance in
Tab. VIII. In Fig. 5, the DRL-CPD policy is visualized using
Google Maps [58]. Fig. 5 shows that the DRL-CPD policy
can indeed make well-rounded and reasonable decisions in a
practical sense, and thus has the potential to be deployed for
real-world applications.

The comparison using JD case again highlights the impor-
tance of coping with BEV’s SVR when deploying BEV for
time-sensitive applications such as logistics delivery, and the
advantages of proposed DRL-CPD policies under a real-world
setting.

Remark. The DRL-CPD policy considers four charging stops
because: 1) it learns to limit charging time per stop to avoid
the inefficient CV phase to improve delivery efficiency; 2) there
is currently no explicit limit on the number of charging stops
during training – node 7’s convenient location near nodes 15,
16, and 17 justifies the decisions. In the future works, penalties
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TABLE VI: The adaptability of DRL-CPD policy for C5-S14-SoC0.8 instance to varying traffic conditions.

Delivery Time (second) #Infeasible

Episodes

Energy

Consumption (Wh)

Energy

Efficiency (Wh/km)

Travel

Distance (km)

Travel

Speed (m/s)Overall Travel Charging

Average Performance

over 50 Episodes
21835.6 19339.6 2496.0 0 45352.4 116.4 389.6 20.1

Episodic

Performance

Given Speed

Limits (m/s)

v̄ij = 30

vij = 5

(Smooth)

17426.2 14426.2 3000.0 N/A 56371.2 143.5 392.8 27.2

v̄ij = 10

vij = 5

(Heavy)

40211.9 38711.9 1500.0 N/A 26435.4 68.3 387.1 10.0

v̄ij = 20

vij = 10

(Moderate)

21513.2 19413.2 2100.0 N/A 39777.9 102.5 388.3 20.0

TABLE VII: The decision outcomes of DRL-CPD policy for C5-S14-SoC0.8 instance under different traffic conditions.

Traffic Sample

in Speed Limits (m/s)
Decisions

v̄ij = 30

vij = 5

(Smooth)

Route
0 → 8 → 12 → 17 → 14 → 15 → 4 → 0 → 3 → 7 → 16 → 11 → 2 →

0 → 6 → 5 → 13 → 18 → 9 → 5 → 0 → 10 → 19 → 0

(Desired) Speeds (m/s)
25 → 25 → 25 → 25 → 30 → 30 → 30 → 25 → 25 → 25 → 25 → 25 →

30 → 30 → 25 → 25 → 25 → 25 → 25 → 30 → 30 → 25 → 30

Charging Times (s) 4 : 600 → 3 : 600 → 2 : 600 → 5 : 600 → 5 : 600

v̄ij = 10

vij = 5

(Heavy)

Route
0 → 8 → 12 → 17 → 14 → 15 → 0 → 3 → 7 → 16 → 11 → 2 →

0 → 6 → 9 → 18 → 13 → 2 → 0 → 10 → 19 → 0

(Desired) Speeds (m/s)
25 → 25 → 25 → 25 → 30 → 30 → 25 → 25 → 25 → 25 → 25 →

30 → 30 → 25 → 25 → 25 → 25 → 30 → 30 → 25 → 30

Charging Times (s) 3 : 600 → 2 : 300 → 2 : 600

v̄ij = 20

vij = 10

(Moderate)

Route
0 → 8 → 12 → 17 → 14 → 15 → 4 → 0 → 3 → 7 → 16 → 11 → 2 →

0 → 6 → 9 → 18 → 13 → 2 → 0 → 10 → 19 → 0

(Desired) Speeds (m/s)
25 → 25 → 25 → 25 → 30 → 30 → 30 → 25 → 25 → 25 → 25 → 25 →

30 → 30 → 25 → 25 → 25 → 25 → 30 → 30 → 25 → 30

Charging Times (s) 4 : 300 → 3 : 600 → 2 : 600 → 2 : 600

TABLE VIII: Comparative performance analysis of policies for JD-C7-S13-SoC1.0 instance over 50 episodes.

Policies
Delivery Time (second) #Infeasible

Episodes

Energy

Consumption (Wh)

Energy

Efficiency (Wh/km)

Travel

Distance (km)

Travel

Speed (m/s)Overall Travel Charging

DRL-CPD 19259.1 17369.1 1890.0 0 43390.5 119.8 362.1 20.8

BPH 21325.3 19557.2 1768.1 3 39438.9 108.2 364.6 18.6

SND 19978.4 17710.4 2268.0 0 45626.4 122.1 373.8 21.1

for repeated visits to charging nodes or charging delays will
be considered to improve policy feasibility.

V. CONCLUSION

This paper proposed a new EVRP model, D-EVRP-SVR-SP,
which explicitly models the BEVs’ SVR and jointly plans the
route, speed, and charging for the BEV under stochastic traffic
conditions. D-EVRP-SVR-SP seeks to minimize the expected
total delivery time, characterising the trade-off between BEV
traveling and charging given the impact of SVR (i.e., higher
speeds means faster traverse but potentially more en-route
charging). A DRL approach, namely DRL-CPD, is developed
to solve D-EVRP-SVR-SP with real-time policy. The actor of

DRL-CPD is specifically designed in a “coupled” structure to
exploit the interdependence among the three decisions.

The comparison of DRL-CPD with two DRL-based alterna-
tives shows that the actor’s “coupled” structure can effectively
accelerate the convergence to high-quality policies, and DRL-
CPD as an instance-specific approach outperforms the popular
attention-based ones that emphasize generalization capability.
Comparing DRL-CPD against two baseline policies shows that
always driving BEV at the top speed does not necessarily save
the total delivery time, since the greater energy consumed by
high-speed travel (given BEVs’ SVR) potentially entails more
charging activities (which may also require detours) and longer
charging times. The DRL-CPD policies learn to intentionally
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Fig. 4: The illustration of DRL-CPD, BPH, and SND policies for instance JD-C7-S13-SoC1.0.
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slow down the BEV at appropriate times, so that the time
saved from en-route charging outweighs the added cruise time
due to lower speeds. In practice, the proposed approach is
applicable to any operational scenarios where BEV’s limited
range necessitates en-route charging and addressing the SVR
of BEV is beneficial, e.g., interstate trucking in the U.S., self-
driving BEV for 7/24 delivery.

In the future works, the D-EVRP-SVR-SP model could be
further extended to examine the impacts of (BEVs’) SVR on
BEV adoption in delivery tasks with a greater level of realism:
a more comprehensive energy dynamics model considering the
impacts of other exogenous factors (e.g., weather, road gradi-
ent), unexpected delays (e.g., queueing for en-route charging),
multiple vehicles with heterogeneous characteristics, and time
window constraints. Additional modeling features come with

increased model complexities, demanding more sophisticated
solution methods, e.g., multi-agent DRL to model the cooper-
ation among BEVs, advanced DRL agent to introduce stronger
generalization capability. Other extensions of the model may
involve the economic or environmental objectives that exploit
more benefits of speed planning, e.g., reducing the electricity
consumption and associated emissions, and mitigating battery
degradation through indirect control of discharging rate.

APPENDIX A
SPECIFICATIONS OF JD-C7-S13-SOC1.0 INSTANCE

TABLE A.1: The geographic locations of nodes in JD-C7-
S13-SoC1.0 instance.

ID Location Latitude Longitude

0 JD Logistics Distribution Centre 40.04105 116.47808

1 Yanqingyuan Charging Station 40.03614 116.34183

2 Cuiwei Shopping Mall Charging Station 39.97718 116.36580

3 Scenery Line Charging Station 39.97122 116.48299

4 The Blues International Charging Station 39.87304 116.33841

5 Qingxinyuan Charging Station 39.80817 116.44239

6 Star Charging Area 39.78313 116.56819

7 Ruidu Park Charging Station 39.86908 116.67835

8 JD Service Point (Longyue Road) 40.07598 116.35731

9 JD Service Point (Dezheng Road) 40.05119 116.26901

10 JD Logistics Haidian Station 39.97759 116.30985

11 JD Service Point (Wanshousi Road) 39.94593 116.31145

12 JD Service Point (Banbidian 2nd Street) 39.93013 116.26104

13 JD Service Point (Guangqu Road) 39.89580 116.49121

14 JD Service Point (Linxiao Road) 39.71100 116.33190

15 JD Logistics Huanhu Distribution Station 39.84562 116.73859

16 JD Service Point (Jingtang Road) 39.82878 116.78109

17 JD Freight Service 39.90856 116.60518

18 JD Service Point (Youan Road) 39.82473 116.34301

19 JD Logistics Xinghua Distribution Station 39.74721 116.34402

20
JD Logistics Gu’an Large-Sized Object

Operation Center
39.64524 116.67197

The geographic locations of the nodes in JD-C7-S13-SoC1.0
instance are listed in Tab. A.1. For each origin-destination pair,
one can request the distance in between from Google Distance
Matrix API under the transportation mode of “driving” and
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Fig. B.1: The energy dynamics of E-NV200 for traveling 100
km at different average speed and under different cargo load
(i.e., mc/m̄c in %).

build up a 20× 20 adjacency matrix. Due to page limit, it is
excluded here but we’re happy to share upon request.

APPENDIX B
VALIDATION OF THE ENERGY DYNAMICS MODEL FOR

NISSAN E-NV200

To validate our energy dynamics model, we simulate trav-
eling the E-NV200 for 100 km under different operating con-
ditions, and used our model to estimate the energy efficiency
and remaining SoC of the vehicle. The results are shown in
Fig. B.1. One can observe that both the energy efficiency and
remaining SoC degrades non-linearly as the increase in either
vehicle speed or cargo load, which is consistent with the results
in the existing studies [11]. It is hence well-founded to capture
and exploit the SVR of BEV based on our model.

APPENDIX C
IMPLEMENTATION DETAILS OF DRL-ATTN

Under the framework in [51], the node network of DRL-
ATTN produces the visiting probability of nodes by feeding
the embedded state (where each feature is mapped into a 32-
dimensional vector space) and the travel history restored using
a recurrent neural network (RNN) decoder (with a hidden
state size of 128) into an attention mechanism. In addition
to the cargo weight of the BEV and the remaining demands

of customers, the BEV SoC is also considered a “dynamic
element” to be processed by the attention layer. The speed and
charging networks of DRL-ATTN are residual networks with a
structure of [128, 64, 32] (i.e., number of hidden units in each
layer) and ReLU activations. The context vectors computed by
the attention-based node network and the preceding decision(s)
are taken as inputs to generate the probability distributions of
the associated actions in a “coupled” manner as described in
Sect. III-B1). It should be noted that the above setting delivers
the best results of all tested ones. In future works, an attention-
based model dedicated for D-EVRP-SVR-SP is expected.

APPENDIX D
IMPLEMENTATION DETAILS OF BPH POLICY

For any given D-EVRP-SVR-SP instance, BPH policy can
be set up via the following two steps:

• Formulate a CVRP instance by detaching all the com-
ponents of the D-EVRP-SVR-SP instance in regard to
electrification, e.g., charging stations. Then solve this
instance using branch-and-price for optimal routes [53].

• Perform a grid search to determine the values of the
following hyper-parameters:

(i) SoCmin ∈ {10, 20, 30} (%): whenever the SoC falls
below SoCmin, the BEV shall visit the nearest charging
station.

(ii) SoCmax ∈ {60, 70, 80} (%) is the maximum SoC the
BEV can charge up to, i.e., SoCc ≤ SoCmax. Like
DRL-based methods, BPH also picks discrete charging
times from set ψ.

(iii) vd ∈ ϕ (m/s) is the speed at which the BEV traverses
the customers and depot.

(iv) vc ∈ ϕ (m/s) is the BEV’s speed when moving towards
charging stations.

For each value combination, 100 episodes of the original
D-EVRP-SVR-SP instance are rolled out, in which the
BEV follows the CVRP route (found in the last step)
to perform the delivery, and chooses the timing and
duration for en-route charging, as well as the driving
speed, based on the given values. The combination with
the best average performance (i.e., minimizing the total
delivery time) across all 100 episodes will be selected.
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