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A B S T R A C T

Low-carbon transitions require joint efforts from electricity grid and transport network, where electric vehicles
(EVs) play a key role. Particularly, EVs can reduce the carbon emissions of transport networks through
eco-routing while providing the carbon intensity service for power networks via vehicle-to-grid technique.
Distinguishing from previous research that focused on EV routing and scheduling problems separately, this
paper studies their coordinated effect with the objective of carbon emission reduction on both sides. To solve
this problem, we propose a multi-agent reinforcement learning method that does not rely on prior knowledge
of the system and can adapt to various uncertainties and dynamics. The proposed method learns a hierarchical
structure for the mutually exclusive discrete routing and continuous scheduling decisions via a hybrid policy.
Extensive case studies based on a virtual 7-node 10-edge transport and 15-bus power network as well as a
coupled real-world central London transport and 33-bus power network are developed to demonstrate the
effectiveness of the proposed MARL method on reducing carbon emissions in transport network and providing
carbon intensity service in power network.
1. Introduction

Over the last decades, the power and transport systems have under-
gone major changes in various aspects due to a number of technical,
economic and environmental factors. One of the most remarkable
things is associated with the climate change, which has altered our
energy policy and energy mix [1]. Committee on Climate Change
(CCC), the UK’s independent climate advisory body, claims that by
setting an ambitious new target to reduce greenhouse gas emissions to
net zero by 2050, the UK can halt its contribution to global warming
within 30 years [2]. As many countries have passed regulations to
restrict fossil fuel consumption of traditional vehicles promising to a
low-carbon future, a rapid increase in the use of electric vehicles (EVs)
has been witnessed by both power and transport systems [3].

On the one hand, EVs can provide various ancillary services (e.g.,
demand–supply balance, frequency/voltage regulation, carbon inten-
sity service, etc.) for the power system due to their significant advan-
tages on mobility and flexibility, which boosts the decentralization and
decarbonization of power systems [4]. On the other hand, the transport
system is increasingly regarded as a key barrier to the low-carbon
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transition due to the high cost of substituting energy-dense liquid fossil
fuels [5]. A potential solution is in the transition to electro-mobility,
i.e., a shift from conventional fossil vehicles to EVs; thus, governments
and companies are continually improving the required infrastructures
(e.g., charging stations) to promote the popularization of EVs.

It is worth noting that the large-scale deployment of EVs in both
power and transport systems introduces challenges on the efficient
and stable route selection and power scheduling, due to the potential
privacy concerns and the difficulty to handle various system uncertain-
ties and dynamics. To this end, it is urgent to develop an effective
coordinated control algorithm for these large-scale and small-size de-
centralized EVs to fully exploit their flexibility and mobility in coupled
power and transport systems towards the low-carbon transition in both
sides [6]. However, the joint routing and scheduling strategies of large-
scale EVs have not been well investigated in existing literature under
the topic of reducing carbon emissions. As such, this paper proposes
a real-time and automatic control policy for mult-EVs eco-routing
and vehicle-to-grid (V2G) scheduling problem toward the provision of
carbon service in the context of coupled transport-power networks.
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Nomenclature

A. Indices and Sets

𝑡 ∈ 𝑇 Index and set of time steps
𝑖 ∈ 𝐼 Index and set of EVs
𝑟 ∈ 𝑅 Index and set of transport roads
𝑔 ∈ 𝐷𝐺 Index and set of diesel generators (DGs)
𝑔 ∈ 𝑅𝐸𝑆 Index and set of renewable energy sources (RESs)
𝑘 ∈ 𝐶𝑆 Index and set of charging stations (CSs)
𝑏 ∈ 𝐵 Index and set of electrical buses
𝑙 ∈ 𝐿 Index and set of electrical lines

B. Parameters

𝛥𝑡 Time resolution (15 min)
𝜆𝑔𝑡 Grid electricity price at time 𝑡 (£/kWh)
𝜆𝑐𝑡 Carbon intensity at time 𝑡 (gCO2/kWh)
𝜆𝑒 Carbon price (£/tCO2)
𝑇 𝑟𝑑,0𝑟 Free driving time on road 𝑟 (min)
𝐷
𝑟𝑑
𝑟 Capacity of road 𝑟

𝛼𝑟𝑑 , 𝛽𝑟𝑑 Road retardation coefficients (%)
𝐿𝑟 Length of road 𝑟 (km)
𝑑𝑟𝑑𝑟,𝑡 Base flow of road 𝑟 at time 𝑡
𝜂𝑤 Weight constant of EVs (m/s2)
𝑅𝑔 Carbon emissions per fuel consumption (gCO2/kg)
𝜂𝑒 Engine constant of EVs (kJ/s)
𝜂𝑠 Speed constant of EVs (kg/m)
𝑃
𝑒𝑣
𝑖 Power capacity of EV 𝑖 (kW)

𝐸𝑖 Energy capacity of EV 𝑖 (kWh)
𝑆𝑖 Minimum battery SoC of EV 𝑖 (%)
𝑆𝑖 Maximum battery SoC of EV 𝑖 (%)
𝜂𝑐𝑖 Charging efficiency of EV 𝑖 (%)
𝜂𝑑𝑖 Discharging efficiency of EV 𝑖 (%)
𝜈 Maximum permissible voltage (p.u.)
𝜈 Minimum permissible voltage (p.u.)
𝑟𝑏𝑝, 𝑥𝑏𝑝 Resistance/Reactance of line bp (p.u.)
𝑥𝑏𝑝 Reactance of line bp (p.u.)
𝑙𝑏𝑝 Ampacity Limit of line bp (A)
𝑃
𝑔𝑑
𝑔 Active power import limit of grid 𝑔 (kW)

𝑃 𝑔𝑑𝑏 Active power export limit of grid 𝑔 (kW)
𝑃 𝑟𝑒𝑠𝑔,𝑡 Active power capacity of RES 𝑔 at time 𝑡 (kW)

𝑄
𝑔𝑑
𝑔 Reactive power import limit of grid 𝑔 (kVAR)

𝑄𝑔𝑑
𝑔

Reactive power export limit of grid 𝑔 (kVAR)

𝑃
𝑐𝑠
𝑘 Capacity of CS 𝑘 (kW)

C. Variables

𝐹 𝑟𝑑𝑖,𝑟,𝑡 Fuel usage of vehicle 𝑖 on road 𝑟 at time 𝑡 (kg/km)
𝐶𝑟𝑑𝑟,𝑡 Vehicle carbon emissions on road 𝑟 at time 𝑡 (kg)
𝑉 𝑟𝑑
𝑟,𝑡 Vehicle average velocity on road 𝑟 at time 𝑡 (m/s)

1.1. Literature review on model-based optimization methods

Previous work has attempted to solve EV routing and/or scheduling
problems, which can be classified into three categories and mainly
solved by model-based optimization methods. First, regarding the route
planning problem, a fuzzy EV routing problem with recharging stations
and time windows [7] and a cost-optimal route planning problem with
2

𝑎𝑟,𝑡 Vehicle acceleration on road 𝑟 at time 𝑡 (m/s2)
𝑇 𝑟𝑑𝑟,𝑡 Commuting time of road 𝑟 at time 𝑡 (h)
𝑢𝑟𝑑𝑖,𝑟,𝑡 Binary indicating whether EV 𝑖 is traveling on road

r (𝑢𝑟𝑑𝑖,𝑟,𝑡 = 1) or not (𝑢𝑟𝑑𝑖,𝑟,𝑡 = 0) at time 𝑡
𝑃 𝑐𝑖,𝑡 Charging power of EV 𝑖 at time 𝑡 (kW)
𝑃 𝑑𝑖,𝑡 Discharging power of EV 𝑖 at time 𝑡 (kW)
𝑆𝑒𝑣𝑖,𝑡 Battery SoC of EV 𝑖 at time 𝑡 (kWh)
𝑢𝑒𝑣𝑖,𝑡 Binary indicating whether EV 𝑖 charge (𝑢𝑒𝑣𝑖,𝑡 = 1) or

discharge (𝑢𝑒𝑣𝑖,𝑡 = 0) at time 𝑡
𝐴𝑖,𝑡 Binary indicating whether EV 𝑖 is connected with

grid (𝐴𝑖,𝑡 = 1) or not (𝐴𝑖,𝑡 = 0) at time 𝑡
𝐸𝑟𝑑𝑖,𝑟,𝑡 Energy usage of EV 𝑖 on road 𝑟 at time 𝑡 (kWh)
𝑃 𝑑𝑔𝑔,𝑡 Active power output of DG 𝑔 at time 𝑡 (kW)
𝑄𝑑𝑔𝑔,𝑡 Reactive power output of DG 𝑔 at time 𝑡 (kVAR)
𝑃 𝑟𝑒𝑠𝑔,𝑡 Active power output of RES 𝑔 at time 𝑡 (kW)
𝜈𝑏,𝑡 Squared voltage of bus 𝑏 at time 𝑡 (p.u.)
𝑙𝑏𝑝,𝑡 Squared current of line bp at time 𝑡 (p.u.)
𝑃𝑏𝑝,𝑡 Active power flow of line bp at time 𝑡 (kW)
𝑄𝑏𝑝,𝑡 Reactive power flow of line bp at time 𝑡 (kVAR)
𝑃 𝑔𝑑𝑔,𝑡 Active power supply from grid at time 𝑡 (kW)
𝑄𝑔𝑑𝑔,𝑡 Reactive power supply from grid at time 𝑡 (kVAR)

vehicle dynamics [8] are investigated for travel distance minimiza-
tion. Second, regarding the power scheduling problem, a stochastic
optimization model capturing uncertain electricity prices is developed
in [9] to investigate EVs’ flexibility in providing up-/down-regulation
services, while the optimal EV charging behaviors are modeled in [10]
to reduce carbon emissions and wind curtailment. It is noted that
the above papers focus on EV problems of either routing [7,8] or
scheduling [9,10], while ignoring their coordinated effect. This effect
is, however, very important since an efficient routing saves battery
energy consumption on road and a smart charging strategy ensures
the sufficient energy requirement for traveling purposes. As a result,
there have been research papers [11–14] of the third category con-
sidering the joint routing and scheduling problems of EVs that are
co-optimized to reduce travel time and energy cost. In [11], a two-
stage decomposition algorithm is proposed to solve the joint routing
and charging problem of multi-EVs towards the reduction of travel time
and energy cost. In [12], the joint route selection and power scheduling
problem is optimized to improve the overall economic profits of EVs.
In [13], the optimal routing and charging problem of an EV fleet
is formulated for high-efficiency dynamic transit systems, taking into
account energy efficiency and charging price. In [14], an approximate
distributed algorithm is developed to tackle the routing and charging
problem of EVs. However, the above works only focus on the transport
network, while the power network operation is not considered.

To address this issue, there have been papers [15–20] consider-
ing the joint routing and scheduling problem of EVs in the context
of coupled transport-power networks. In [15], a security-constrained
transport-power model is developed to investigate the hourly routing
and V2G scheduling behaviors of EVs. In [16], a multi-period optimal
traffic and power flow model is developed for the time-varying traffic
and electricity demands. In [17], a bi-level framework is proposed
to identify the optimal location of EV charging stations, considering
both route selection and charging cost optimization. In [18], a holistic
modeling framework is introduced to describe the distribution of traffic
and power flows for the coupled transport-power network. In [19],
the dynamic network equilibrium encapsulating the choices of route
and charging location is studied to capture the temporally-dynamic

interactions between transport networks and power networks. In [20],
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a bi-level formulation is proposed to investigate the optimal charg-
ing pricing problem of charging stations (CSs) in coupled transport-
power networks. However, the above works focus on the minimization
of travel time or charging costs rather than the decarbonization of
transport and power sectors.

To capture the carbon benefits of EVs in the transport-power net-
work, authors in [21,22] have developed carbon-aware EV routing
and charging strategies. The main idea is to reduce the emissions
of fossil power plants via effective routing and charging behaviors.
However, these two papers [21,22] together with the above-mentioned
papers [12–20] do not consider any system uncertainty, which might be
impractical in the transport-power network characterized by vast num-
bers of uncertainties and dynamics. There have been papers [23,24]
developing planning strategies for low-carbon CSs, considering various
uncertainties, e.g., traffic volumes, demand, and RESs. However, these
papers [21–24] together with [13,18–20] do not consider the V2G
capabilities and assume a constant charging rate for all EVs. Further-
more, these two papers focus on decarbonizing the power sector, while
the carbon emissions caused by the congestion impact on transport
networks are not considered.

1.2. Literature review on model-free learning methods

Despite the extensive efforts made to investigate the EV routing
and/or scheduling problems, the limitations of model-based optimiza-
tion methods cannot be erased: (1) it is assumed that the complete
knowledge of transport network, EV models, and power network are al-
ready known prior to the experience, which is normally impractical tak-
ing into account the highly dynamic and stochastic real-world environ-
ment; (2) system uncertainties are captured by scenario-based stochas-
tic programming methods, which can be time-consuming [25]. As a
model-free and data-driven method, reinforcement learning (RL) [26]
is used to learn the optimal decisions for agents (EVs) in a dynamic pro-
cess by utilizing their experiences obtained from repeated interactions
with the environment (coupled transport-power network), without any
prior knowledge. In this regard, RL does not require any knowledge
of simulated problems, since they are integrated into the environment
that is regarded as a black box for RL agents. Additionally, as an online
learning method, RL learns the uncertainties directly from historical
data and can adapt to various conditions in milliseconds [27]. Thus,
RL is stated as a valid solution for the EV real-time control problem in
a complex environment.

Similar to above studies based on model-based optimization meth-
ods, the existing RL literature on EV routing and/or scheduling prob-
lems can also be classified into three categories: (1) RL for EV route
selection [28,29]; (2) RL for EV power scheduling [30,31]; and (3)
RL for joint route selection and power scheduling [32–35]. However,
some limitations to the transport network and electricity grid have not
been explicitly modeled. On one hand, the routing decisions in most pa-
pers [28,29,32,33] are characterized by selecting the potential path to
the designated CSs, while the real-time road dynamics are not captured.
To address this issue, the real-time routing behaviors characterized by
different road directions are modeled in [34,35]. However, the road
congestion impact has not been investigated. Additionally, none of the
above papers studied the eco-routing problem of EVs in the transport
network. On the other hand, the scheduling decisions in most papers
are characterized by less flexibility with strong assumptions, e.g., the
charging rate is constant in [32] which is not controllable by EVs; only
three modes (charging, discharging, and idle) [31,33,34] or discrete
power rate [30] can be selected by EVs. In such simple settings, EVs are
unable to adequately display their charging and discharging behaviors,
resulting in sub-optimal solutions.

Previous work has successfully applied various single-agent rein-
forcement learning (SARL) methods to handle the single EV routing
and/or scheduling problems, e.g., policy gradient (PG) for the routing
3

problem [28], deep Q-network (DQN) for the scheduling problem [30],
and joint routing and scheduling problem [32,33]. Nevertheless, our
paper considers multiple EVs that operate in the coupled transport-
power network, rendering the problem to a multi-agent setting that can
be solved via multi-agent RL (MARL) methods. The most straightfor-
ward method in the MARL family is independent learning; for example,
each EV agent in [31] deploys a Q-learning method to train its charging
policy in a distribution network; and each EV agent in [34] deploys
a DQN method to train its individual routing and scheduling control
policy in electricity grid. Such an independent manner is fast, however,
often ineffective to solve a large-scale multi-agent problem, because it
focuses on local information only and ignores the correlative effect with
other EV agents and thus causing the learning non-stationary issue [36].
To overcome this problem, authors in [35] introduce a central con-
troller (e.g., an EV aggregator) that assists local EV agents to train their
joint routing and scheduling policy in a centralized manner. In contrast
to independent learning, the central controller requires knowledge from
all local EV agents that may destroy their privacy. In addition, it is
worth noting that EV routing and scheduling decisions are mutually
exclusive and in different domains, i.e., they cannot simultaneously
make decisions on routing in the transport network and scheduling
in the power network. However, the RL methods employed in all
the above papers [32–35] consider routing and scheduling decisions
simultaneously, which can be inefficient. Furthermore, considering the
algorithm’s scalability, it can be infeasible to learn specialized policies
for each EV agent under the MARL setup, leading to high computational
costs.

1.3. Paper contribution

Inspired by the aforementioned issues, this paper focuses on in-
vestigating the benefits of multi-EVs in reducing carbon emissions on
both the transport and power networks. A hierarchical MARL method
is proposed to assist EVs in learning a two-level framework that can
make effective routing and scheduling decisions in a sequential man-
ner without prior knowledge. The main contributions are summarized
below:

1. Propose a carbon-aware EVs joint eco-routing and V2G schedul-
ing problem in a coupled transport-power network. In con-
trast to [11–24] that employ model-based optimization methods,
this paper proposes a model-free learning method. In contrast
to [21–24] that only consider the carbon emissions in power
sectors, this paper focuses on reducing carbon emissions in both
transport and power sectors. In contrast to [11–14] that ig-
nore power network operations, this paper captures the coupled
transport-power network.

2. Formulate the multi-EVs joint eco-routing and V2G scheduling
problem as a Partially Observable Markov Game (POMG). EVs’
mobility and flexibility are fully exploited to reduce carbon emis-
sions in the transport network associated with road congestion
and the power network via carbon intensity service provision. In
contrast to [28,30,32,33] that employ SARL methods, this paper
formulates the studied problem in a multi-agent setup.

3. Develop a novel MARL algorithm to effectively solve this POMG
by (a) learning a hierarchical architecture to choose between
making decisions either in the transport network or the power
network; (b) employing a hybrid policy to handle both dis-
crete routing and continuous scheduling action domains; and (c)
adopting a parameter-sharing (PS) framework to learn a shared
control policy, accelerating the training speed and improving the
training performance.

4. Learn a generalized and real-time automatic MARL control pol-
icy that can adapt to the transport and power dynamics, in-
cluding a real-world transport network in central London with

large-scale EV penetration.
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Fig. 1. The illustration of multi-EVs joint eco-routing and power scheduling problems in the transport network and the electricity grid.
1.4. Paper organization

The rest of the paper is organized as follows. Section 2 presents
the formulations of the utilized EV model and the coupled power-
transport network. Section 3 introduces the POMG formulation of the
EV joint routing and scheduling problem. Section 4 details the proposal
MARL algorithm to solve the POMG. The experiment setup and the
case studies are presented in Sections 5 and 6, respectively. Finally,
Section 7 concludes this paper.

2. Problem formulations

To fully explore the benefits of EVs in reducing carbon emissions,
we focus on a multi-EVs joint eco-routing and V2G scheduling problem
in the context of the coupled transport and power networks, as depicted
in Fig. 1. Overall, the problem has two perspectives: (1) EVs make
appropriate routing decisions in the transport network to alleviate road
congestion and consequently reduce carbon emissions while ensuring
the completion of daily journeys, i.e., travel from home to office in the
morning and return home from office in the evening; (2) EVs make
reasonable charging/discharging behaviors in response to electricity
prices and carbon intensity signals when they are connected to the
power network via CSs, e.g., charge power during the night for the
next day’s traveling purpose and discharge power to the grid for carbon
service provision.

In detail, when EVs are traveling in the transport network, they can
observe the real-time local transport information of vehicle locations
and traffic volumes, and then optimally select moving directions via
a smart routing algorithm. When EVs are plugged into the CSs, they
can observe the real-time grid information of price and carbon signals
and the EV battery state-of-charge (SoC), and then optimally manage
the charging/discharging power via a smart scheduling algorithm. It is
worth noting that the above two decisions are coupled, since efficient
transport routing can allow more time for EVs to utilize their V2G
flexibility, while reasonable power scheduling can provide sufficient
battery energy for EVs to exploit their transport mobility.

2.1. Eco-routing in transport network

A transport network can be represented as a directed graph 𝐺 =
(𝑁,𝑅), where 𝑁 denotes the set of traffic nodes and 𝑅 is the set of traf-
fic roads. The transport requirement is modeled by origin–destination
(O-D) demand pairs (e.g., home-office and office-home). Each O-D pair
is connected by a set of routes, while each route consists of a set of
transport roads in the transport network [15].

Specifically, as shown in Fig. 1, EVs commute through the routes
of O-D pairs to connect with certain nodes in the transport network
for their two daily journeys: (1) home to office (e.g., 6:00–9:00) and
(2) office to home (e.g., 17:00–20:00). Consequently, there are several
4

potential routes 𝑘 ∈ 𝑅𝑜 between residential homes and commercial
offices, where each home-office route is connected by a set of roads
𝑟 ∈ 𝑅 in the transport network. The traffic volume 𝐷𝑟𝑑

𝑟,𝑡 at time step 𝑡
on road 𝑟 can be expressed as

𝐷𝑟𝑑
𝑟,𝑡 = 𝑑𝑟𝑑𝑟,𝑡 +

∑

𝑖∈𝐼
𝑢𝑟𝑑𝑖,𝑟,𝑡,∀𝑟 ∈ 𝑅,∀𝑡 ∈ 𝑇 , (2.1)

which includes the base flow 𝑑𝑟𝑑𝑟,𝑡 (represented by the total number of
non-EV vehicles) on road 𝑟 and the EV flow (represented by the sum of
𝑢𝑟𝑑𝑖,𝑟,𝑡) [15], where the binary 𝑢𝑟𝑑𝑖,𝑟,𝑡 ∈ {0, 1} indicates if EV 𝑖 is traveling
at time step 𝑡 on road 𝑟 (𝑢𝑟𝑑𝑖,𝑟,𝑡 = 1) or not (𝑢𝑟𝑑𝑖,𝑟,𝑡 = 0). The traffic volume
𝐷𝑟𝑑
𝑟,𝑡 is time-varying and can lead to different commuting time 𝑇 𝑟𝑑𝑟,𝑡 at

time step 𝑡 on road 𝑟, which is expressed as

𝑇 𝑟𝑑𝑟,𝑡 = 𝑇 𝑟𝑑,0𝑟 [1 + 𝛼𝑟𝑑 (
𝐷𝑟𝑑
𝑟,𝑡

𝐷
𝑟𝑑
𝑟

)𝛽
𝑟𝑑
], ∀𝑟 ∈ 𝑅,∀𝑡 ∈ 𝑇 , (2.2)

where 𝐷
𝑟𝑑
𝑟 , 𝑇 𝑟𝑑,0𝑟 , 𝛼𝑟𝑑 , and 𝛽𝑟𝑑 correspond to the capacity of road 𝑟,

the free-flow driving time (i.e., without road congestion), and two
retardation coefficients, respectively [37]. It is expected from (2.2) that
large traffic volume 𝐷𝑟𝑑

𝑟,𝑡 may cause serious road congestion and longer
commuting time 𝑇 𝑟𝑑𝑟,𝑡 . As a result, the commuting time of an O-D pair
(route) 𝑘 can be expressed as

𝑇 𝑟𝑑𝑘,𝑡 =
∑

𝑟∈𝑅
𝑇 𝑟𝑑𝑟,𝑡 𝛩𝑟,𝑘,∀𝑘 ∈ 𝑅𝑜,∀𝑡 ∈ 𝑇 , (2.3)

where 𝛩𝑟,𝑘 indicates whether road 𝑟 is part of route 𝑘. If road congestion
occurs on road 𝑟 that is part of route 𝑘, the commuting time of route 𝑘
will increase accordingly.

Given the real-time traveling time 𝑇 𝑟𝑑𝑟,𝑡 , the average vehicle speed
𝑉 𝑟𝑑
𝑟,𝑡 at time step 𝑡 on road 𝑟 can be calculated as

𝑉 𝑟𝑑
𝑟,𝑡 =

𝐿𝑟
𝑇 𝑟𝑑𝑟,𝑡

, ∀𝑟 ∈ 𝑅,∀𝑡 ∈ 𝑇 , (2.4)

where 𝐿𝑟 is the length of road 𝑟. In addition, each journey is required
to finish within a specified time interval 𝑇 𝑡𝑟𝑙𝑖 (e.g., 1 h), which can be
constrained as

∑

𝑟∈𝑅

𝑡𝑎𝑟𝑟𝑖
∑

𝑡=𝑡𝑑𝑒𝑝𝑖

𝑢𝑟𝑑𝑖,𝑟,𝑡𝑇
𝑟𝑑
𝑟,𝑡 ≤ 𝑇 𝑡𝑟𝑙𝑖 , ∀𝑖 ∈ 𝐼, (2.5)

where 𝑡𝑑𝑒𝑝𝑖 and 𝑡𝑎𝑟𝑟𝑖 respectively indicate the departure (e.g., 7:00) and
arrival (e.g., 7:45) time of EV agent 𝑖 per journey.

To model the real-time fuel consumption and carbon emissions
caused by the traveling activities in the transport network, we intro-
duce the generic model for computing fuel consumption and carbon
emissions [38], which are based on the theory of vehicle dynamics
and can capture the influence of various factors (e.g., the angle of
inclination, rolling resistance, engine power, etc.). Since it is difficult
to obtain all these factors in practice, to simplify the fuel consumption



Energy 284 (2023) 129335Y. Wang et al.

𝐹

c

𝐸

𝑡
i
s

2

g
(

w

𝛯

s

𝑔

𝑃

model and make it applicable to the studied eco-routing problem, only
the easy-to-measure factors (vehicle speed, acceleration, and angle of
inclination) are regarded as variables in the model, while the difficult-
to-measure factors can be substituted by parameters that are accurately
estimated [38]. Specifically, the fuel consumption per meter of non-EV
𝑖 at time step 𝑡 on road 𝑟 can be represented as
𝑟𝑑
𝑖,𝑟,𝑡 = 𝛽1 cos 𝜃 + 𝛽2 sin(𝜃) + 𝛽3(𝑉 𝑟𝑑

𝑟,𝑡 )
2 + 𝛽4𝑎𝑟,𝑡 + 𝛽5𝑎𝑟,𝑡∕𝑉 𝑟𝑑

𝑟,𝑡

+ 𝛽6∕𝑉 𝑟𝑑
𝑟,𝑡 + 𝛽7, ∀𝑖 ∈ 𝐼,∀𝑟 ∈ 𝑅,∀𝑡 ∈ 𝑇 ,

(2.6)

where the parameters 𝛽1 − 𝛽7 can be estimated by the maximum
likelihood estimation (MLE) method and evaluated by the squared
correlation coefficient and mean absolute percentage error [38], 𝑎𝑟,𝑡 is
the acceleration of a vehicle at time step 𝑡 on road 𝑟. Finally, the carbon
emissions related to fuel consumption at time step 𝑡 on road 𝑟 can be
expressed as

𝐶𝑟𝑑𝑟,𝑡 = 𝑅𝑔
𝑑𝑟𝑑𝑟,𝑡
∑

𝑖=1
𝐹 𝑟𝑑𝑖,𝑟,𝑡, ∀𝑟 ∈ 𝑅,∀𝑡 ∈ 𝑇 , (2.7)

where 𝑅𝑔 is carbon emissions per kilogram fuel consumption.
Overall, compared to microscopic CO2 emission models such as

the comprehensive modal emission model (CMEM) and vehicle spe-
cific power (VSP) based model, the introduced vehicle dynamic based
carbon emission model is more applicable to the studied eco-routing
problem [38]. It is because the input variables are average speed, av-
erage acceleration, and angle of inclination, which are easy to measure
from current transportation information systems.

2.2. V2G scheduling in power network

There are many CSs in the power network, as shown in Fig. 1,
that are located at both home and office areas for EVs to charge
and discharge their batteries. Specifically, the charging/discharging
characteristics of EV 𝑖 in the power network can be formulated as a
set of constraints (2.8)–(2.11). For each EV 𝑖, the charging/discharging
power at time step 𝑡 can be bounded by

0 ≤ 𝑃 𝑐𝑖,𝑡 ≤ 𝑢𝑒𝑣𝑖,𝑡𝐴𝑖,𝑡𝑃
𝑒𝑣
𝑖 , ∀𝑖 ∈ 𝐼,∀𝑡 ∈ 𝑇 , (2.8)

(𝑢𝑒𝑣𝑖,𝑡 − 1)𝐴𝑖,𝑡𝑃
𝑒𝑣
𝑖 ≤ 𝑃 𝑑𝑖,𝑡 ≤ 0, ∀𝑖 ∈ 𝐼,∀𝑡 ∈ 𝑇 , (2.9)

in which the binary 𝑢𝑒𝑣𝑖,𝑡 ∈ {0, 1} corresponds to the charging (𝑢𝑒𝑣𝑖,𝑡 = 1)
and discharging (𝑢𝑒𝑣𝑖,𝑡 = 0) characteristic of EV 𝑖. The other binary
𝐴𝑖,𝑡 ∈ {0, 1} indicates whether EV 𝑖 is connected to the grid (𝐴𝑖,𝑡 = 1)
or not (𝐴𝑖,𝑡 = 0), led by its routing behaviors ∑

𝑟∈𝑅 𝑢
𝑟𝑑
𝑖,𝑟,𝑡 = 0 for 𝐴𝑖,𝑡 = 1

and vice versa. The state-of-charge (SoC) 𝑆𝑒𝑣𝑖,𝑡 of EV 𝑖 is limited by

𝑆 𝑖 ≤ 𝑆𝑒𝑣𝑖,𝑡 ≤ 𝑆𝑖,∀𝑖 ∈ 𝐼,∀𝑡 ∈ 𝑇 , (2.10)

where 𝑆𝑖 and 𝑆𝑖 are the upper and lower bounds of battery SoC,
respectively. Additionally, the battery SoC dynamics during a daily
scheduling cycle can be expressed as

𝑆𝑒𝑣𝑖,𝑡+1 =

⎧

⎪

⎨

⎪

⎩

𝑆𝑒𝑣𝑖,𝑡 +
(𝑃 𝑐𝑖,𝑡𝜂

𝑐
𝑖 +𝑃

𝑑
𝑖,𝑡∕𝜂

𝑑
𝑖 )𝛥𝑡

𝐸𝑖
if 𝐴𝑖,𝑡 = 1

𝑆𝑒𝑣𝑖,𝑡 −
𝐸𝑟𝑑𝑖,𝑟,𝑡
𝐸𝑖

if 𝐴𝑖,𝑡 = 0
(2.11)

where 𝜂𝑐𝑖 , 𝜂
𝑑
𝑖 are battery charging and discharging efficiencies, while

𝐸𝑖 is the battery energy capacity. 𝐸𝑟𝑑𝑖,𝑟,𝑡 corresponds to the energy
onsumption of EV 𝑖 at time step 𝑡 on road 𝑟:

𝑟𝑑
𝑖,𝑟,𝑡 = 𝜂𝑤𝑀𝑖𝐿𝑟 + 𝜂𝑒

𝐿𝑟
𝑉 𝑟𝑑
𝑟,𝑡

+ 𝜂𝑠𝐿𝑟(𝑉 𝑟𝑑
𝑟,𝑡 )

2,∀𝑖 ∈ 𝐼,∀𝑟 ∈ 𝑅,∀𝑡 ∈ 𝑇 , (2.12)

which is formulated as a function of road average speed 𝑉 𝑟𝑑
𝑟,𝑡 , vehicle

weight 𝑀 , and road distance 𝐿 , while the coefficients 𝜂𝑤, 𝜂𝑒, and
5

𝑖 𝑟
𝜂𝑠 correspond to the constants of weight, engine, and speed, respec-
tively [39]. Furthermore, to ensure sufficient energy upon departure,
an inequality constraint is imposed as

𝑆𝑒𝑣
𝑖,𝑡𝑑𝑒𝑝

𝐸𝑖 ≥
∑

𝑟∈𝑅

𝑡𝑎𝑟𝑟𝑖
∑

𝑡=𝑡𝑑𝑒𝑝𝑖

𝑢𝑟𝑑𝑖,𝑟,𝑡𝐸
𝑟𝑑
𝑖,𝑟,𝑡, ∀𝑖 ∈ 𝐼. (2.13)

Finally, EVs can also contribute to the carbon emission reduction
in the power network through providing the carbon intensity service
offered by the National Grid. More specifically, the carbon intensity of
electricity is a measure to calculate CO2 emissions produced per kWh of
electricity, which can be timely forecast and estimated by the National
Grid’s Carbon Intensity API [40]. This carbon intensity forecast includes
CO2 emissions related to electricity generation only, where the emis-
sions are from all large metered power stations, interconnector imports,
transmission and distribution losses, and also account for the national
electricity demand, embedded wind, and solar generation [40]. In Great
Britain (GB), the carbon intensity 𝜆𝑐𝑡 at time step 𝑡 can be expressed as

𝜆𝑐𝑡 =

∑

𝑔∈𝐺 𝑃
𝑝𝑛
𝑔,𝑡𝜆

𝑝𝑛
𝑔

𝐷𝑝𝑛
𝑡

,∀𝑡 ∈ 𝑇 , (2.14)

where 𝜆𝑝𝑛𝑔 , 𝑃 𝑝𝑛𝑔,𝑡 , and 𝐷𝑝𝑛
𝑡 correspond to the carbon intensity of fuel type

𝑔, the generation of fuel type 𝑔, and the national demand at time step
, respectively. As a result, the National Grid can publish the carbon
ntensity 𝜆𝑐𝑡 in real-time that activates local EVs to optimize their power
cheduling behaviors (i.e., 𝑃 𝑐𝑖,𝑡, 𝑃

𝑑
𝑖,𝑡) to minimize the CO2 emissions.

.3. Power network model

The power network operation is fully modeled by a branch flow al-
orithm [41], which can be solved by the distribution network operator
DNO) for each time step 𝑡.

min
𝛯𝑔𝑟𝑑

∑

𝑔∈𝐺𝐷
𝜆𝑔𝑡 𝑃

𝑔𝑑
𝑔,𝑡 +

∑

𝑔∈𝐷𝐺
𝜆𝑑𝑔𝑔 𝑃

𝑑𝑔
𝑔,𝑡 , (2.15)

here
𝑔𝑟𝑑 = {𝑃 𝑔𝑑𝑔,𝑡 , 𝑄

𝑔𝑑
𝑔,𝑡 , 𝑃

𝑑𝑔
𝑔,𝑡 , 𝑄

𝑑𝑔
𝑔,𝑡 , 𝑃

𝑟𝑒𝑠
𝑔,𝑡 , 𝑃𝑏𝑝,𝑡, 𝑄𝑏𝑝,𝑡, 𝜈𝑏,𝑡}, (2.16)

ubject to
∑

𝑔∈𝐵𝑔𝑑

𝑃 𝑔𝑑𝑔,𝑡 +
∑

𝑔∈𝐵𝑑𝑔

𝑃 𝑑𝑔𝑔,𝑡 +
∑

𝑔∈𝐵𝑟𝑒𝑠

𝑃 𝑟𝑒𝑠𝑔,𝑡 −
∑

𝑘∈𝐵𝑐𝑠

𝑃 𝑐𝑠𝑘,𝑡

=
∑

𝑑∈𝐵𝑒𝑑

𝑃 𝑒𝑑𝑑,𝑡 −
∑

(𝑝,𝑏)∈𝐿
𝑃𝑝𝑏,𝑡 +

∑

(𝑏,𝑝)∈𝐿
𝑃𝑏𝑝,𝑡,∀𝑏 ∈ 𝐵,

(2.17)

∑

∈𝐵𝑔𝑑

𝑄𝑔𝑑𝑔,𝑡 +
∑

𝑔∈𝐵𝑑𝑔

𝑄𝑑𝑔𝑔,𝑡 =
∑

𝑑∈𝐵𝑒𝑑

𝑄𝑒𝑑𝑑,𝑡 −
∑

(𝑝,𝑏)∈𝐿
𝑄𝑝𝑏,𝑡 +

∑

(𝑏,𝑝)∈𝐿
𝑄𝑏𝑝,𝑡,∀𝑏 ∈ 𝐵,

(2.18)

𝑑𝑔
𝑔 ≤ 𝑃 𝑑𝑔𝑔,𝑡 ≤ 𝑃

𝑑𝑔
𝑔 ,∀𝑔 ∈ 𝐷𝐺, (2.19)

𝑄𝑑𝑔
𝑔

≤ 𝑄𝑑𝑔𝑔,𝑡 ≤ 𝑄
𝑑𝑔
𝑔 ,∀𝑔 ∈ 𝐷𝐺, (2.20)

𝑃 𝑔𝑑𝑔 ≤ 𝑃 𝑔𝑑𝑔,𝑡 ≤ 𝑃
𝑔𝑑
𝑔 ,∀𝑔 ∈ 𝐺𝐷, (2.21)

𝑄𝑔𝑑
𝑔

≤ 𝑄𝑔𝑑𝑔,𝑡 ≤ 𝑄
𝑔𝑑
𝑔 ,∀𝑔 ∈ 𝐺𝐷, (2.22)

𝑃 𝑟𝑒𝑠𝑔,𝑡 ≤ 𝑃 𝑟𝑒𝑠𝑔,𝑡 ,∀𝑔 ∈ 𝑅𝐸𝑆, (2.23)

𝜈 ≤ 𝜈𝑏,𝑡 ≤ 𝜈,∀𝑏 ∈ 𝐵, (2.24)

𝑃 2
𝑏𝑝,𝑡 +𝑄

2
𝑏𝑝,𝑡 ≤ 𝑙𝑏𝑝,𝑡𝜈𝑏,𝑡,∀(𝑏, 𝑝) ∈ 𝐿, (2.25)

𝜈𝑏,𝑡 − 𝜈𝑝,𝑡 = 2 ⋅ (𝑟𝑏𝑝𝑃𝑏𝑝,𝑡 + 𝑥𝑏𝑝𝑄𝑏𝑝,𝑡) + 𝑙𝑏𝑝(𝑟2𝑏𝑝 + 𝑥
2
𝑏𝑝),∀(𝑏, 𝑝) ∈ 𝐿, (2.26)

𝑃 𝑐𝑠𝑘,𝑡 =
∑

𝑖∈𝐾𝑒𝑣

(𝑃 𝑐𝑖,𝑡 + 𝑃
𝑑
𝑖,𝑡) ≤ 𝑃

𝑐𝑠
𝑘 ,∀𝑘 ∈ 𝐶𝑆, (2.27)

where the objective (2.15) is to minimize the total operation costs,
including (1) the procurement cost from main grid at electricity price
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𝜆𝑔𝑡 and (2) the generation cost of diesel generators (DGs) 𝜆𝑑𝑔𝑔 . The
decision variables are collected in set 𝛯𝑔𝑟𝑑 . The power flow constraints
correspond to the active and reactive power balances (2.17)–(2.18) at
bus 𝑏, where 𝐵𝑔𝑑 , 𝐵𝑒𝑑 , 𝐵𝑑𝑔 , 𝐵𝑝𝑣, and 𝐵𝑐𝑠 correspond to the sets of
main grid 𝑔, static load 𝑑, DG 𝑔, renewable energy source (RES) 𝑔,
nd CS 𝑘 located at bus 𝑏, respectively. The output limits of active
nd reactive power of DG 𝑔 and main grid GD 𝑔 as well as the active
ower limit of RES 𝑔 are constrained in (2.19)–(2.20), (2.21)–(2.22)
nd (2.23), respectively [42]. The nodal voltage and power flow limits
re constrained in (2.24) and (2.25), respectively, while the power
low constraints are expressed in (2.26) capturing the relationship
etween voltage profiles and power flows. Eq. (2.27) expresses the
harging/discharging power of CS 𝑘, which is the aggregated power
f all EVs plugged into the CS 𝑘, limited by its power capacity 𝑃

𝑐𝑠
𝑘 .

.4. Problem challenges

Solving the above coupled eco-routing (Section 2.1) and V2G
cheduling (Section 2.2) optimization problem faces several challenges:
1) it may raise privacy issues to acquire explicit system models and
echnical parameters for the construction of optimization models; (2)
t is difficult to approximate system uncertainties (e.g., traffic volumes,
rice and carbon signals), the decision-making process thus cannot
xactly capture the stochastic and dynamic characteristics; (3) it is
ime-consuming to solve such a complex optimization problem includ-
ng both transport and power networks; (4) it does not generalize to the
ystem dynamics, since the optimal decisions need to be re-optimized
or any new state condition.

To this end, we employ a data-driven and model-free MARL method
or EVs operating in a decentralized fashion with privacy protection.
dditionally, the uncertainty features can be learned during the train-

ng process via deep learning techniques. Finally, once the MARL
ethod is properly trained, the learned policy can be directly imple-
ented into the real-world decision-making process in milliseconds.

. Partially observable Markov game

Since each EV is operated as a sequential decision-making process
n a decentralized manner and can only observe partial information,
he studied multi-EVs joint eco-routing and V2G scheduling problem
ithin a transport-power network can be modeled as a Partially Ob-

ervable Markov Game (POMG) with discrete time steps, where a group
f agents (EVs) interact with the partially observable environment
transport-power network) with imperfect information. In other words,
ach EV is regarded as an agent who can manage its routing and
cheduling decisions, the transport network (Section 2.1) and the power
etwork (Section 2.3) are the environment. In this context, EVs can
bserve the information of the transport-power environment and then
ake real-time routing and scheduling decisions without performing

n optimization. Specifically, at each time step, all EV agents simulta-
eously make an action (e.g., routing or scheduling) and then receive
reward (e.g., revenues from carbon service provision) and an obser-

ation (e.g., electricity price, carbon intensity signals, traffic volumes,
tc.). The objective for each agent is to maximize its cumulative re-
ards it receives over the day. The interaction process between EV
gents and the transport-power environment is illustrated in Fig. 2. In
eneral, the POMG can be defined by a tuple ⟨, ,,,,  , 𝛾⟩, where
he detailed components are specified as below.

.1. State and observation

The environment state 𝑠𝑡 ∈  describes the configurations
𝑜1,𝑡,… , 𝑜𝐼,𝑡} of all agents 𝐼 at time step 𝑡 and the environment’s partial
6

nformation (e.g., the mathematical models and technical parameters of
he coupled transport-power network), where the local observation 𝑜𝑖,𝑡
f each EV agent 𝑖 at time step 𝑡 can be specified as

𝑖,𝑡 = [𝑅𝑟𝑑𝑖,𝑡 , 𝑁
𝑟𝑑
𝑖,𝑡 , 𝐷⃗

𝑟𝑑
𝑖,𝑡 , 𝑆

𝑒𝑣
𝑖,𝑡 , 𝜆

𝑔
𝑡 , 𝜆

𝑐
𝑡 ],∀𝑖 ∈ 𝐼, (3.1)

hich are divided into two parts: (1) the transport information of the
oad index 𝑅𝑟𝑑𝑖,𝑡 , the terminated node index𝑁𝑟𝑑

𝑖,𝑡 , the road traffic volumes
⃗ 𝑟𝑑
𝑖,𝑡 the EV 𝑖 is potentially moving to; and (2) the electricity information
f EV’s battery SoC 𝑆𝑒𝑣𝑖,𝑡 , grid electricity price 𝜆𝑔𝑡 , and carbon intensity
ignal 𝜆𝑐𝑡 . Note that the behaviors of gasoline vehicles in the transport

network follow a preset daily pattern [15] and are represented as part
of the traffic volume 𝐷⃗𝑟𝑑

𝑖,𝑡 in the transport environment.

3.2. Action

The action 𝑎𝑖,𝑡 of each EV agent 𝑖 can be specified as

𝑎𝑖,𝑡 = [𝑎𝑡𝑠𝑝𝑖,𝑡 , 𝑎
𝑔𝑟𝑑
𝑖,𝑡 ],∀𝑖 ∈ 𝐼, (3.2)

which are also divided into two parts: (1) the discrete action 𝑎𝑡𝑠𝑝𝑖,𝑡 ∈
{0, 1, 2,… , 𝑁} represents the potential directions of EV routing behav-
iors (e.g., straight, left, right, etc.) at node 𝑁𝑟𝑑

𝑖,𝑡 in the transport network
topology; and (2) the continuous action 𝑎𝑔𝑟𝑑𝑖,𝑡 ∈ [−1, 1] represents the
magnitude of discharging (negative) and charging (positive) power of
EV agent 𝑖 as a percentage of its battery power capacity [−𝑃

𝑒𝑣
𝑖 , 𝑃

𝑒𝑣
𝑖 ]. It is

notable that EV agent 𝑖 cannot make routing action 𝑎𝑡𝑠𝑝𝑖,𝑡 and scheduling
action 𝑎𝑔𝑟𝑑𝑖,𝑡 simultaneously.

3.3. State transition

In the POMG, 𝛥𝑡 = 15 min represents one time step. For each EV
gent 𝑖 at time step 𝑡, an action 𝑎𝑖,𝑡 is computed using policy 𝜋(𝑎𝑖,𝑡|𝑜𝑖,𝑡)
onditioned on its current local observation 𝑜𝑖,𝑡. The environment then
ransits into the next state in accordance with the state transition
unction: 𝑠𝑡+1 =  (𝑠𝑡, 𝑎1∶𝐼,𝑡, 𝜔𝑡), which is influenced by the environment
urrent state 𝑠𝑡, all agents’ actions 𝑎1∶𝐼,𝑡, and the environment stochas-
icity 𝜔𝑡. In this problem, 𝜔𝑡 = [𝐷⃗𝑟𝑑

𝑖,𝑡 , 𝜆
𝑔
𝑡 , 𝜆

𝑐
𝑡 , 𝑃

𝑒𝑑
𝑑,𝑡 , 𝑃

𝑟𝑒𝑠
𝑔,𝑡 ] corresponds to

he exogenous state features that are independent of agent actions and
ave intrinsic variability. Overall, there are five types of uncertainties
onsidered in the studied EV routing and scheduling problem, which in-
lude electricity price signals, carbon intensity signals, electric demand
nd PV generation in the power network as well as traffic volumes
n the transport network. Instead of using scenario-based stochastic
rogramming to address such uncertainties in the conventional opti-
ization methods, RL can manage these uncertainties by employing
data-driven method that does not depend on precise probability

istributions for uncertainties but instead learns state features from the
ata set itself [26,43]. To better prove the effectiveness of RL in han-
ling environment uncertainties, a test dataset (separate from training
ataset) is normally used to evaluate the performance of the trained
L policy on generalization to different state conditions. Furthermore,
nce the RL policy is well trained, it can be directly deployed to the
ractical test process in milliseconds.

On the other hand, the state transition of endogenous state features
𝑟𝑑
𝑖,𝑡 , 𝑁

𝑟𝑑
𝑖,𝑡 , and 𝑆𝑒𝑣𝑖,𝑡 are determined by action 𝑎𝑖,𝑡 executed at time step

. In particular, the global positioning system (GPS) can automatically
dentify the map information 𝑅𝑟𝑑𝑖,𝑡 and 𝑁𝑟𝑑

𝑖,𝑡 when EV agent 𝑖 makes
outing action 𝑎𝑡𝑠𝑝𝑖,𝑡 in transport network. Furthermore, after EV agent
is parked to a CS and makes scheduling action 𝑎𝑔𝑟𝑑𝑖,𝑡 , the charging and
ischarging power can be described as

𝑐
𝑖,𝑡 = [min(𝑎𝑝𝑖,𝑡𝑃

𝑒𝑣
𝑖 ,

(𝑆 𝑖−𝑆𝑒𝑣𝑖,𝑡 )𝐸𝑖
𝜂𝑐𝑖 𝛥𝑡

)]+,∀𝑖 ∈ 𝐼, (3.3)

𝑃 𝑑𝑖,𝑡 = [max(𝑎𝑝𝑖,𝑡𝑃
𝑒𝑣
𝑖 ,

(𝑆𝑒𝑣𝑖,𝑡 − 𝑆
𝑒𝑣
𝑖,𝑡 )𝐸𝑖𝜂

𝑑
𝑖

𝛥𝑡
)]−,∀𝑖 ∈ 𝐼, (3.4)

where operators [⋅]+∕− = max ∕min{⋅, 0}. Based on (3.3)–(3.4), we have
the state transition 𝑆𝑒𝑣 expressed as (2.11).
𝑖,𝑡
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Fig. 2. The interaction process between EV agents and the transport-power environment.
3.4. Reward function

Each EV agent 𝑖 receives its reward 𝑟𝑖,𝑡 at the end of time step 𝑡.
In transport network, the primary objective of EV 𝑖 is to reduce road
carbon emission cost given the carbon price 𝑐𝑒:

𝑟𝑐𝑜2𝑖,𝑡 = −
∑

𝑟∈𝑅
𝑐𝑒𝐶𝑟𝑑𝑟,𝑡 , ∀𝑖 ∈ 𝐼, (3.5)

while also ensuring the completion of the journey at the required
time. However, MARL is an unconstrained optimization that does not
ensure the travel at the specified time, i.e., constraint (2.5) may not be
satisfied. To properly account for this time-coupling constraint of EV
daily journey, a penalty term 𝑟𝑡𝑟𝑙𝑖,𝑡 is introduced to penalize the extent of
constraint violation with a penalty factor 𝜅1:

𝑟𝑡𝑟𝑙𝑖,𝑡 = −𝜅1[
∑

𝑟∈𝑅

𝑡𝑎𝑟𝑟𝑖
∑

𝑡=𝑡𝑑𝑒𝑝𝑖

𝑢𝑟𝑑𝑖,𝑟,𝑡𝑇
𝑟𝑑
𝑟,𝑡 − 𝑇

𝑡𝑟𝑙
𝑖 ]+, if 𝑡 = 𝑡𝑎𝑟𝑟𝑖 ,∀𝑖 ∈ 𝐼. (3.6)

In the power network, the primary objective of EV agent 𝑖 is
to maximize carbon intensity service provision but minimize energy
charging cost via V2G technique:

𝑟𝑣2𝑔𝑖,𝑡 = −𝜆𝑐𝑡 𝑐
𝑒𝑃 𝑑𝑖,𝑡 − 𝜆

𝑔
𝑡 𝑃

𝑐
𝑖,𝑡,∀𝑖 ∈ 𝐼, (3.7)

while also ensuring the sufficient energy for each journey.
Similarly, since constraint (2.13) cannot be directly handled via the

action domain, we introduce a penalty term 𝑟𝑠𝑜𝑐𝑖,𝑡 to avoid constraint
violations with a penalty factor 𝜅2:

𝑟𝑠𝑜𝑐𝑖,𝑡 = 𝜅2[𝑆𝑒𝑣𝑖,𝑡𝐸𝑖 −
∑

𝑟∈𝑅
𝑢𝑟𝑑𝑖,𝑟,𝑡𝐸

𝑟𝑑
𝑖,𝑟,𝑡]

−, if 𝑡 ∈ {𝑡𝑑𝑒𝑝𝑖 , 𝑡𝑎𝑟𝑟𝑖 },∀𝑖 ∈ 𝐼. (3.8)

To further ensure the aggregate charging power within the CS power
limit (2.27), we introduce another penalty for the CS overload that
can be designed according to each EV’s contribution to the aggregate
charging power [44]:

𝑟𝑐𝑠𝑖,𝑡 =

⎧

⎪

⎨

⎪

⎩

−𝜅3
|𝑃 𝑐𝑖,𝑡+𝑃

𝑑
𝑖,𝑡|

𝑃 𝑐𝑠𝑘,𝑡
(𝑃 𝑐𝑠𝑘,𝑡 − 𝑃

𝑐𝑠
𝑘 )

2 if 𝑃 𝑐𝑠𝑘,𝑡 ≥ 𝑃
𝑐𝑠
𝑘

0 else,
∀𝑖 ∈ 𝐼. (3.9)

Thus, the overall reward function can be designed as

𝑟𝑖,𝑡 =

⎧

⎪

⎨

⎪

⎩

𝑟𝑐𝑜2𝑖,𝑡 + 𝑟𝑡𝑟𝑙𝑖,𝑡 if 𝐴𝑖,𝑡 = 1

𝑟𝑣2𝑔𝑖,𝑡 + 𝑟𝑠𝑜𝑐𝑖,𝑡 + 𝑟𝑐𝑠𝑖,𝑡 if 𝐴𝑖,𝑡 = 0,
∀𝑖 ∈ 𝐼, (3.10)

which depends on whether the EV agent 𝑖 is in the traveling (𝐴𝑖,𝑡 = 1)
or connected to the grid (𝐴 = 0).
7

𝑖,𝑡
3.5. Objective

The above process continues for each time step until the episode
(e.g., trading day) ends. In the POMG, each EV agent 𝑖 seeks an optimal
policy 𝜋(𝑎𝑖,𝑡|𝑜𝑖,𝑡) that maximizes its cumulative discounted reward

𝑅𝑖 =
𝑇
∑

𝑡=0
𝛾 𝑡𝑟𝑖,𝑡, ∀𝑖 ∈ 𝐼, (3.11)

where 𝛾 ∈ [0, 1) is the discount factor that denotes the relative impor-
tance of future and immediate rewards. 𝑇 = 24 h (96 time steps in
15 min resolution) is the daily horizon.

4. Multi-agent reinforcement learning

To solve the above POMG, we propose a novel MARL method called
H2PSPPO with its general architecture being shown in Fig. 3, which can
be divided into three parts: (1) constructing a hierarchical architecture
with a two-level framework [45] to choose between transport network
routing and power network scheduling, as these two decisions are mu-
tually exclusive; (2) developing a hybrid policy [46] that can perform
both discrete routing and continuous scheduling actions, because a
single policy cannot output both discrete and continuous actions at the
same time; (3) updating the control policy using the PPO algorithm
in a PS framework [47] that exhibits stable and accelerated learning
performance.

4.1. Two-level hierarchies

As discussed in Section 1.2, the routing action (discrete) and
scheduling action (continuous) of EVs are mutually exclusive and in
different domains. Therefore, it can be ineffective to directly apply
MARL methods (e.g., [32–35]) to the studied problem, since either
routing or scheduling action will be meaningless during the RL training
process. In this section, a two-level hierarchical architecture is intro-
duced to formulate the routing and scheduling characteristics of EVs as
two separate RL policies for more effective learning performance.

Hierarchical reinforcement learning (HRL) refers to a type of RL
method that can deal with several sub-policies working together in a
hierarchical architecture. The two-level framework [45], one of the
most common HRL techniques, is proposed as a temporal abstraction
for RL actions, where the high-level (HL) action takes place over several
time steps via the low-level (LL) actions. Specifically, for any EV agent 𝑖
observing 𝑜𝑖,𝑡 at time step 𝑡, based on the HL policy 𝜇(𝑥|𝑜), an HL action

is selected to make either transport network routing or power network
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Fig. 3. Architecture of the proposed H2PSPPO method.
scheduling, i.e., 𝑥𝑖,𝑡 = 𝜇𝜓 (𝑥|𝑜) → [0, 1] ∈ 𝑖. Afterwards, one of the
LL policies 𝜋(𝑎|𝑜) is utilized to compute the LL action 𝑎𝑖,𝑡. This process
continues until the HL action switches to the other LL policy when
probability 𝑥𝑖,𝑡 crosses the 50% threshold. Similar to the vanilla RL, the
reward over the two-level framework is given as 𝑟𝑖,𝑡 in (3.10). Then, the
objective of agent 𝑖 over the proposed two-level framework within 𝑓
time steps can be expressed as 𝑅𝑖(𝑜𝑖,𝑡, 𝑥𝑖,𝑡, 𝑜𝑖,𝑡+𝑓 ) = E[

∑𝑡+𝑓
𝑧=𝑡 𝛾

𝑧−𝑡𝑟𝑖,𝑧]. For
each agent 𝑛, this process continues for 𝑇 time steps, emitting a new
trajectory of local observations, HL actions, LL actions, and rewards:
𝜏𝑖 = 𝑜𝑖,1, 𝑥𝑖,1, 𝑎𝑖,1, 𝑟𝑖,1, 𝑜𝑖,2,… , 𝑟𝑖,𝑇 over 𝑖 × 𝑖 ×𝑖 ×𝑖 → R.

Additionally, it is worth noting that the introduced penalty terms in
(3.6), (3.8), and (3.9) in Section 3.4 will not be used in the same RL
policy, since the proposed two-level hierarchical architecture allows the
incorporation of different LL policies (the discrete LL policy for routing
and the continuous LL policy for scheduling in the studied problem).
More specifically, the penalty term 𝑟𝑡𝑟𝑙𝑖,𝑡 described in (3.6) corresponds
to the transport network, which will be used to train the discrete LL
policy for effective EV routing behaviors, while the penalty terms 𝑟𝑠𝑜𝑐𝑖,𝑡
and 𝑟𝑐𝑠𝑖,𝑡 described in (3.8) and (3.9) correspond to the power network,
which will be used to train the continuous LL policy for effective EV
scheduling behaviors.

4.2. Hybrid policy via PPO

In order to characterize the high-dimensional and continuous obser-
vation and action spaces of the HL and LL policies discussed above, an
actor-critic architecture [26] is introduced for the hierarchical architec-
ture. The actor module contains the HL policy 𝜇(𝑥|𝑜) and the LL policy
𝜋(𝑎|𝑜), while the critic module contains a state-value function 𝑉 (𝑜, 𝑥)
that specifies the expected value of selecting an HL selection 𝑥𝑖,𝑡 in
observation 𝑜𝑖,𝑡. However, considering that the routing and scheduling
actions of EV agents are in discrete and continuous spaces respectively,
a hybrid LL policy 𝑎𝑖,𝑡 = {𝑘𝑖,𝑡, 𝑐𝑖,𝑡} ∈ 𝑖 with two actor branches
(networks) [46] is developed to separately compute the discrete routing
(when traveling in the transport network) and the continuous schedul-
ing actions (when connected to the power network) for each EV agent 𝑖:

𝑘𝑖,𝑡 = 𝑎𝑡𝑠𝑝𝑖,𝑡 and 𝑐𝑖,𝑡 = 𝑎𝑔𝑟𝑑𝑖,𝑡 . (4.1)

To model such action characteristics and inspired by the PPO algo-
rithm [26], we generate (1) a probability distribution for the discrete
actor network parameterized by 𝜙𝑘𝑖 to output the corresponding proba-
bilities for all potential routing selections, this categorical policy 𝑘𝑖,𝑡 =
𝜋𝜙𝑘𝑖 (𝑘|𝑜) is then sampled for the optimal action 𝑘𝑖,𝑡 in observation
8

𝑜𝑖,𝑡; and (2) a Gaussian distribution for the continuous actor network
parameterized by 𝜙𝑐𝑖 to output the corresponding mean and variance
for scheduling behaviors, the stochastic policy 𝑐𝑖,𝑡 = 𝜋𝜙𝑐𝑖 (𝑐|𝑜) is then
sampled for the optimal action 𝑐𝑖,𝑡 in observation 𝑜𝑖,𝑡. The discrete policy
𝜋𝜙𝑘𝑖 and continuous policy 𝜋𝜙𝑐𝑖 are then updated independently, which
minimizes their own clipped surrogate objective to restrict the policy
update:

𝐿CLIP
𝑖,𝑡 (𝜙𝑘𝑖 )= Ê𝑡

[

min(𝜁𝑘𝑖,𝑡𝐴̂𝑖,𝑡, clip(𝜁𝑘𝑖,𝑡, 1 − 𝜖, 1 + 𝜖)𝐴̂𝑖,𝑡)
]

, (4.2)

𝐿CLIP
𝑖,𝑡 (𝜙𝑐𝑖 )= Ê𝑡

[

min(𝜁 𝑐𝑖,𝑡𝐴̂𝑖,𝑡, clip(𝜁 𝑐𝑖,𝑡, 1 − 𝜖, 1 + 𝜖)𝐴̂𝑖,𝑡)
]

, (4.3)

where the approximated policy gradient and its pruning by clipping the
probability ratio between [1 − 𝜖, 1 + 𝜖] are represented by the first and
second terms, respectively. As an on-policy method, PPO updates the
policy network based on the transitions generated by the current policy
network. The critic network can make a more accurate value prediction
for the current policy network. However, the on-policy methods may
suffer from poor sampling efficiency, since the prior transitions cannot
be utilized frequently to update the policy network. To address this
issue, the hyperparameter 𝜖 ∈ [0, 1] is used to truncate the gradient
update of the new policy 𝜋𝜙 from the old version 𝜋𝑜𝑙𝑑𝜙 , where the
importance sampling technique [48] is used to improve the sample
efficiency of PPO. The main idea is to sample the training data from
a proposal distribution to approximate the expectation on average. In
this case, the new policy 𝜋𝜙 can be evaluated with samples collected
from the old policy 𝜋𝑜𝑙𝑑𝜙 .

In the hybrid policy, the probability ratio 𝜁𝑘𝑖,𝑡 takes into account the
discrete policy, while the probability ratio 𝜁 𝑐𝑖,𝑡 takes into account the
continuous policy. Specifically,

𝜁𝑘𝑖,𝑡 =
𝜋𝜙𝑘𝑖 (𝑘𝑖,𝑡|𝑜𝑖,𝑡)

𝜋𝑜𝑙𝑑
𝜙𝑘𝑖

(𝑘𝑖,𝑡|𝑜𝑖,𝑡)
and 𝜁 𝑐𝑖,𝑡 =

𝜋𝜙𝑐𝑖 (𝑐𝑖,𝑡|𝑜𝑖,𝑡)

𝜋𝑜𝑙𝑑𝜙𝑐𝑖
(𝑐𝑖,𝑡|𝑜𝑖,𝑡)

. (4.4)

where the LL discrete policy 𝜋𝜙𝑘𝑖 (𝑘|𝑜) can be used to optimize the HL
policy 𝜇𝜓𝑖 (𝑥|𝑜), which is characterized by discrete domain. Similarly,
the probability ratio of HL policy 𝜁𝑥𝑖,𝑡 can be derived similarly as the LL
discrete one 𝜁𝑘𝑖,𝑡 in (4.4).

The generalized advantage function 𝐴̂𝑖,𝑡 can be written as

𝐴̂𝑖,𝑡 = 𝛿𝑖,𝑡 + (𝛾𝜆)𝛿𝑖,𝑡+1 +⋯ + (𝛾𝜆)𝑇−𝑡+1𝛿𝑖,𝑇−1, (4.5)

𝛿𝑖,𝑡 = 𝑟𝑖,𝑡 + 𝛾𝑉𝜃𝑖 (𝑜𝑖,𝑡+1, 𝑥𝑖,𝑡+1) − 𝑉𝜃𝑖 (𝑜𝑖,𝑡, 𝑥𝑖,𝑡), (4.6)

where 𝑉𝜃𝑖 (𝑜, 𝑥) is the state-value function taking agent’s local observa-
tions 𝑜𝑖 and HL actions 𝑥𝑖 into training [26], which is approximated by
a critic network parameterized by 𝜃 , while 𝛾 ∈ [0, 1] and 𝜆 ∈ [0, 1].
𝑖
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4.3. Training process

As the proposed POMG comprises a group of EV agents with identi-
cal local observation, action, and reward function, the training perfor-
mance of MARL policies can be improved by employing a PS frame-
work. [47]. Particularly, PS enables all agents to share the utilized
policy’s parameters, which can be learned using the experiences accu-
mulated by all agents. However, PS still allows for behavioral variation
in the agents, because each agent receives different local observations.
Specifically, H2PSPPO runs for all agents by their shared HL and LL
policies 𝜇𝜓 (𝑥|𝑜), 𝜋𝜙𝑘 (𝑘|𝑜), 𝜋𝜙𝑐 (𝑐|𝑜) for 𝑇 time steps, and collects the
rajectories 𝜏𝑖 from the interactions with the environment. After a batch
f trajectories are gathered from the buffer  = {𝜏𝜄} ∼  , the EV agents
hen can utilize them to calculate the discounted reward-to-go 𝑅̂𝜄,𝑡 =
𝑇
ℎ=𝑡 𝛾

ℎ−𝑡𝑟𝜄,ℎ and the advantage function 𝐴̂𝜄,𝑡 for each trajectory 𝜄 and
ime step 𝑡. Then, the three actor networks are trained by maximizing
heir objectives as follows:

(𝜓)= 1
𝐽

𝐽
∑

𝜄=1
min

(

𝜁𝑥𝜄,𝑡𝐴̂𝜄,𝑡, clip(𝜁𝑥𝜄,𝑡,1 − 𝜖,1 + 𝜖)𝐴̂𝜄,𝑡
)

, (4.7)

(𝜙𝑘)= 1
𝐽

𝐽
∑

𝜄=1
min

(

𝜁𝑘𝜄,𝑡𝐴̂𝜄,𝑡, clip(𝜁𝑘𝜄,𝑡,1 − 𝜖,1 + 𝜖)𝐴̂𝜄,𝑡
)

, (4.8)

(𝜙𝑐 )= 1
𝐽

𝐽
∑

𝜄=1
min

(

𝜁 𝑐𝜄,𝑡𝐴̂𝜄,𝑡, clip(𝜁 𝑐𝜄,𝑡,1 − 𝜖,1 + 𝜖)𝐴̂𝜄,𝑡
)

, (4.9)

where 𝐽 indicates the training batch size. The critic network is trained
by minimizing the loss function:

(𝜃) = 1
𝐽

𝐽
∑

𝜄=1

(

𝑅̂𝜄,𝑡 − 𝑉𝜃(𝑜𝜄,𝑡, 𝑥𝜄,𝑡)
)2. (4.10)

Given the above optimizations, the network weights of three actors
nd one critic can be updated as

𝜓 ← 𝜓 + 𝛼𝜓∇𝜓(𝜓),
𝑘 ← 𝜙𝑘 + 𝛼𝜙

𝑘
∇𝜙𝑘(𝜙𝑘),

𝜙𝑐 ← 𝜙𝑐 + 𝛼𝜙
𝑐
∇𝜙𝑐(𝜙𝑐 ),

𝜃 ← 𝜃 − 𝛼𝜃∇𝜃(𝜃),

(4.11)

where 𝛼𝜓 , 𝛼𝜙𝑘 , 𝛼𝜙𝑑 , 𝛼𝜃 indicate the learning rates of the gradient as-
cent/descent algorithm for actor/critic networks.

The pseudo-code of H2PSPPO is shown in Algorithm 1:

5. Input data and experiment setup

5.1. Network topology and EV models

Case studies are conducted on a 7-node 10-edge transport network
and a modified IEEE 15-bus power network with 10 EVs and 2 CSs,
representing home and office areas, respectively. Detailed network
structures are illustrated in Fig. 4, while the technical parameters of
EVs are presented in Table 1 [49]. It can be observed from Fig. 4 that
1 CS is located at road node 𝑁2 (green) for EV drivers parking at home,
and 1 CS is located at road node 𝑁4 (orange) for EV drivers parking at

ork places.
The transport network data are presented in Table 2, expressing

he transport time without congestion and the distance between two
djacent nodes. To capture the influence of charging limits of EVs,
ach CS has a charging power capacity of 40 kW. The EV routing and
cheduling decisions are modeled for time resolutions of 15-min. Note
hat the choice of 15 min can be adjusted based on the scenario to be
9

nalyzed and computational needs.
Algorithm 1 H2PSPPO for 𝐼 agents
1: Initialize weights 𝜓, 𝜙𝑘, 𝜙𝑐 , 𝜃 for actor and one critic networks
2: Set learning rates 𝛼𝜓 , 𝛼𝜙𝑘 , 𝛼𝜙𝑐 , 𝛼𝜃
3: for episode (i.e., day) 𝑒𝑝𝑖 = 1 to 𝐸 do
4: Initialize the global state 𝑠0 and local observation 𝑜𝑖,0
5: Set an empty data buffer  = {}
6: For each agent 𝑖, sets an empty trajectory 𝜏𝑖 = []
7: For each agent 𝑖, selects HL action 𝑥𝑖,0 in observing 𝑜𝑖,0
8: for time step (i.e., 15 min) 𝑡 = 1 to 𝑇 do
9: repeat
0: for agent (i.e., EV) 𝑖 = 1 to 𝐼 do
1: if EV 𝑖 is in transport network then
2: Samples LL action 𝑎𝑖,𝑡 = 𝑎𝑡𝑠𝑝𝑖,𝑡 = 𝜋𝜙𝑘 (𝑎|𝑜)

13: else if EV 𝑖 is in power network then
14: Samples LL action 𝑎𝑖,𝑡 = 𝑎𝑔𝑟𝑑𝑖,𝑡 = 𝜋𝜙𝑐 (𝑎|𝑜)
15: end if
16: end for
17: Execute all agents’ actions 𝑎1∶𝐼,𝑡 to the environment
18: DNO solves AC OPF (2.15)–(2.27) if HL action is for power

network
19: for agent (i.e., EV) 𝑖 = 1 to 𝐼 do
20: Observes reward 𝑟𝑖,𝑡 and next local observation 𝑜𝑖,𝑡+1, stores one

sample experience to trajectory 𝜏𝑖 += [𝑜𝑖,𝑡, 𝑥𝑖,𝑡, 𝑎𝑖,𝑡, 𝑟𝑖,𝑡]
21: while time step 𝑡 % 𝐽 = 0 do
22: Agent 𝑖 collects a set of trajectories 𝜏𝜄 from buffer  ,

then computes advantage function 𝐴̂𝜄,𝑡 and discounted
reward-to-go 𝑅̂𝜄,𝑡

23: Updates network weights 𝜓, 𝜙𝑘, 𝜙𝑐 , 𝜃 in (4.11)
24: end while
25: end for
26: Update state 𝑠𝑡 ← 𝑠𝑡+1 and observation 𝑜𝑖,𝑡 ← 𝑜𝑖,𝑡+1
27: until HL action 𝑥𝑖,𝑡 = 𝜇𝜓 (𝑥|𝑜) is switched
28: Update HL action 𝑥𝑖,𝑡 ← 𝑥𝑖,𝑡+1
29: end for
30: end for

Table 1
Technical parameters of utilized EVs.

Parameters 𝑃 (kW) 𝐸 (kWh) 𝑆, 𝑆 (%) 𝜂𝑐𝑖 , 𝜂
𝑑
𝑖 (%)

Values 16.5 100 0,100 90,90

Table 2
Road data of 7-node 10-edge transport network.

Road From node To node Travel time (h) Distance (km)

0 0 1 0.20 19.4
1 0 2 0.18 17.1
2 0 3 0.19 18.6
3 1 4 0.22 19.8
4 2 3 0.13 11.6
5 3 4 0.13 10.5
6 2 5 0.19 17.6
7 3 6 0.24 17.6
8 4 6 0.15 15.0
9 5 6 0.16 16.4

5.2. Data descriptions

A real-world dataset is used to capture the uncertainties related to
traffic volumes in the transport network [50]. To capture system un-
certainties in the power network, we collect the yearly grid electricity
prices from Nord-Pool group [51] and carbon intensity signals from
the national grid [40], where their mean and standard deviation are
illustrated in Fig. 5. The yearly residential load and PV generation data
are collected from the real-world open-source dataset recorded by the
Ausgrid [52]. In the experiment, we split the one-year price and carbon
intensity data in the training (Jan.-Nov.) and the test (Dec.) sets for
MARL methods. The carbon price is fixed at 300 £/tCO2 [53] over the
year.
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Fig. 4. The 7-node 10-edge transport and 15-bus power network.
Fig. 5. Electricity price and carbon intensity signals.
5.3. Benchmarks

We compare the proposed H2PSPPO with two benchmark MARL
methods: (1) PPO: each agent adopts a vanilla PPO algorithm, the actor
network simultaneously computes routing and scheduling actions per
time step, and no PS framework is integrated while each agent uses in-
dividual experiences to train its own policy; (2) H2PPO: based on PPO,
each agent learns a hierarchical architecture and a hybrid policy for
both routing and scheduling actions, but PS framework is not adopted.
We run 5000 episodes of each MARL method with 10 random seeds
for the initialization of weights and environment. Additionally, we
compare our proposed model-free H2PSPPO method to a model-based
optimization method Central-Opt: following the similar assumptions
in [11,12,15], it is assumed that the coupled power-transport network
can acquire all the information of EVs and the perfect knowledge of the
system uncertainties.

5.4. RL network structure and hyperparameters

The proposed H2PSPPO contains three actor networks and one critic
network. It is noted that all these four networks have 1 hidden layer
with 64 units using the RELU as the activation function. Tanh and
Softplus activation functions are used as the continuous actor out-
puts to construct the Gaussian policy with mean and std, respectively.
Softmax activation function is used in the discrete actor output to
construct the categorical policy with the corresponding probability for
each discrete action dimension. The HL actor network inputs the local
observation and outputs the probabilities of selecting making routing
and scheduling decisions. The LL discrete actor network inputs the local
observation and outputs the probabilities of selecting potential routing
directions (e.g., straight, left, and right) in transport network. The LL
continuous actor network inputs the local observation and outputs the
magnitude of behaving discharging or charging power in the power
network. For the critic network, it inputs the local observation and HL
10
selection, linear is used without activate function for the output layer
representing the state value.

We use Adam optimizer for all four networks with a learning rate
𝛼𝜓 , 𝛼𝜙𝑘 , 𝛼𝜙𝑑 = 10−4 and 𝛼𝜃 = 10−3, respectively. The batch size 𝑁 = 96
refers to the number of environment steps (24 h). We employ a clip
rate 𝜖 = 0.2 and discount rates 𝛾 = 0.99, 𝜆 = 0.98.

Finally, the proposed H2PSPPO method has been implemented in
Python with Tensorflow v2.6.0 [54], and the linearized AC-OPF al-
gorithm (Section 2.3) has been implemented in Pyomo with Gurobi
solver [55]. Case studies have been carried out on a computer with
a 6-core 3.50 GHz Intel(R) Xeon(R) E5-1650 processor and 32 GB of
RAM.

6. Case studies

6.1. Performance evaluation

This section assesses the training and test performance of the three
examined MARL methods. Fig. 6 depicts the evolution of episodic
total reward of 10 EVs over 5000 training episodes, where the solid
lines and the shaded areas respectively depict the moving average
over 100 episodes and the oscillations of 10 seeds. Furthermore, their
corresponding averaged episodic training time as well as the aver-
aged number of episodes and averaged total training time required
to reach convergence are also collected in Table 3. Finally, we also
plot the cumulative total reward of 10 EVs over the test month in
Fig. 7 by deploying the well-trained three MARL policies and the
optimization-based central-opt method.

The first observation we notice from Fig. 6 is that PPO (blue) has
the most unstable and oscillatory training performance, resulting in the
lowest reward level and failing to reach optimum. This is because the
EV agents in PPO make both routing and scheduling actions at each
time step, while one of them is meaningless (e.g., routing action does
not help EV agents behave charging in the power network). In this case,
H2PPO (orange) can effectively deal with this issue by constructing a
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Fig. 6. Episodic training reward of 10 EVs for 3 MARL methods.

Fig. 7. Cumulative test reward of 10 EVs for 3 MARL and 1 optimization-based
methods.

Table 3
Computational performance for 3 MARL methods.

Method PPO H2PPO H2PSPPO

Episodic training time (s.) 1.55 1.98 1.86
Number of episodes (#) 5,000 4,000 3,000
Total training time (hr.) 2.15 2.20 1.55

hierarchical architecture and a hybrid policy, and consequently achiev-
ing a higher reward level. In addition, this performance can be further
improved in terms of both higher reward level and faster training speed
in our proposed H2PSPPO (green) via a PS framework. Similar to the
training performance, the proposed H2PSPPO in the test performance
(Fig. 7) outperforms PPO and H2PPO by 34.98% and 18.56% the
cumulative reward over the test month (31 days), respectively. Note
that the proposed H2PSPPO achieves the near optimal solution (5.24%
gap) obtained from the optimization-based Central-Opt method over
the test month.

We further assess the computational performance of three MARL
methods during the training process. Table 3 shows that PPO has the
shortest episodic training time of 1.55 s (since it only requires training
one actor network to compute both routing and scheduling actions,
eliminating the need for hierarchical architecture), followed by H2PPO
and H2PSPPO (since they need to train three actor networks rather
than the single actor network in PPO). Additionally, H2PSPPO (around
3000 episodes) demonstrates a faster convergence rate than H2PPO
(around 4000 episodes) to reach convergence. This is because the PS
technique can utilize all agents’ experiences to update the single and
shared policy. Finally, our proposed H2PSPPO (1.55 hr) costs the lowest
computational time to reach convergence among three MARL methods.

6.2. Analysis of joint routing and scheduling behaviors

After evaluating the MARL training and test performance, this sec-
tion aims to analyze the routing and scheduling behaviors of 10 EVs
in the transport-power network, as illustrated in Fig. 8 (two typical
journeys of H2 W and W2H) and Fig. 9 (charging and discharging
11

power rate), respectively.
Table 4
Comparison of transport result and electricity cost for 3 routing and scheduling
strategies.

Travel
distance (km)

Travel
time (min)

Transport
emissions (kg/100 km)

Electricity
cost (£)

S1 474.14 403.55 18.23 −26.47
S2 221.03 461.26 23.38 41.24
S3 345.61 343.73 21.95 41.82

Considering that the relationship between vehicle speed and carbon
emissions follows a polynomial curve [38], EVs in Fig. 8(a)–(b) make
eco-routing behaviors with the objective of maintaining a reasonable
vehicle speed range (e.g., 50–80 km/h) for the transport network,
i.e., driving too slowly or too fast will cause high carbon emissions. On
one hand, most EVs avoid the shortest route (𝑁2−𝑁3−𝑁4), since serious
ongestion can happen and cause large carbon emissions if these EVs
hoose this route. On the other hand, many EVs select roads 𝑁0 −𝑁2,
2 − 𝑁5, and 𝑁4 − 𝑁6 as part of their commuting routes, since the

orresponding traffic volumes are low. Increasing traffic volumes on
hese roads can effectively reduce the vehicle speed (e.g., around 60
m/h) and then lead to fewer carbon emissions.

EVs in Fig. 9 exhibit similar scheduling characteristics during the
aily cycle. Different EVs can have different charging/discharging
ower at different time steps, which is influenced by many factors,
.g., the initial SoC, electricity prices, carbon intensity signals, road
ower consumption, RL policies, etc. In detail, they choose to charge
ower in the early morning (e.g., 5:00–7:00) and mid-day (e.g., 13:00–
4:00) to minimize charging costs. This is because of the relatively
ow grid electricity prices and demand level in the early morning and
he high PV generation level in the mid-day. On the other hand, EVs
ischarge power for carbon service provision in the late afternoon and
vening (e.g., 17:00–22:00) in response to the high carbon intensity
evel and peak demand level. Furthermore, it can be found from Fig. 9
hat the total charging and discharging power has reached the CS
apacity at certain time steps, e.g., mid-day and evening, respectively.

.3. Benefit of eco-routing and V2G scheduling

To investigate the benefits of eco-routing and V2G scheduling in
educing carbon emissions, a detailed comparison with respect to the
roposed strategy (S1) is conducted, including two extra strategies:
S2) the routing decisions are made to solely minimize the traveling
istance; (S3) the routing decisions are made to solely minimize the
raveling time. In the power network, EV agents in both S2 and S3
ake charging decisions until the battery capacity is full but do not

ehave discharge decisions for V2G services.
We summarize and compare the travel distance, travel time, trans-

ort emissions, and electricity cost (including carbon service provision
evenue) of 10 EVs for three strategies in Table 4. It is expected that EVs
nder S2 and S3 receive the shortest traveling distance (221.03 km) and
he least traveling time (343.73 min), respectively, while EVs under S1
ontribute to the minimum transport emissions (18.23 kg/100 km) due
o the eco-routing strategy. In the power network, EVs have a similar
harging cost under S2 and S3, but are capable of making revenue
negative cost) under S1 when exhibiting V2G flexibility to provide
arbon intensity service to the grid.

.4. Application to a real-world transport network

To further analyze the scalability of the proposed MARL method,
his section implements H2PSPPO to a real-world transport network
hat contains the area of central London in the UK, where four home
reas (green) and three office areas (orange) are considered, and 300
Vs are simulated to capture the realistic traffic conditions. Regarding
he electricity grid, a modified IEEE 33-bus power network including 7
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Fig. 8. EV eco-routing process in H2 W and W2H. The two red values in the bracket indicate average vehicle speed and carbon emissions per km.
Fig. 9. Charging and discharging power of 10 EVs in the 15-bus power network. Each EV is represented by one color, while the height of each bar refers to its charging (positive)
and discharging (negative) power.
Fig. 10. The modified IEEE 33-bus power network.
CSs (4 home CSs and 3 office CSs) is utilized to simulate the EV charg-
ing and discharging behaviors, as illustrated in Fig. 10. Specifically,
the charging stations installed at home and office areas have capacities
of 300 kW and 400 kW, respectively. Fig. 11 depicts the evolution of
episodic total reward of 300 EVs over 25,000 training episodes, where
the solid lines and the shaded areas respectively depict the moving
average over 100 episodes and the oscillations of 10 seeds. It can be
observed that the proposed H2PSPPO can learn a steady and increasing
reward for all 300 EV agents and gradually reaches convergence. The
computing time over 25,000 episodes is around 20.83 h.

Similar to the virtual case, we assume that these utilized EVs have
two typical journeys (H2W and W2H) per day, where their routing
behaviors are presented in Figs. 12 and 13, respectively. Finally, EVs’
aggregated charging and discharging behaviors are shown in Fig. 14
and their business cases for charging behaviors and carbon inten-
sity service provision are recorded in Table 5. First of all, it can be
observed from Figs. 12 and 13 that there are mainly four routes for
300 EVs to commute between home and office areas, of which the
middle two exhibit the relatively shorter distance (i.e., the route passing
12
Fig. 11. Episodic training reward of 300 EVs for H2PSPPO method.

Shepherd’s Bush/Marble Arch and the route passing Earls Court/Hyde
Park). However, according to Figs. 12 and 13, most EVs prefer the
top and bottom ones for daily commutes rather than the middle two,
which have a shorter distance. This is because there are too many
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Fig. 12. Routing behaviors of 300 EVs for journey H2 W in central London.
Fig. 13. Routing behaviors of 300 EVs for journey W2H in central London.
Fig. 14. Total power charging and discharging of 300 EVs in the 33-bus power network, where each EV is represented by one color in the color bar.
vehicles on the middle two, causing very serious congestion and much
longer travel time as well as large carbon emissions (roads under
serious congestion are indicated as the red ones in Figs. 12 and 13).
Regarding the scheduling behaviors in the power network, Fig. 14
shows that these 300 EVs still behave with their charging power in
the early morning and mid-day due to the low electricity prices and
demand levels as well as the high PV penetration, respectively, while
discharging power in the late afternoon and night in response to the
high carbon intensity signals and peak demand levels. Additionally,
EV power charging and discharging have reached the CS capacity in
the mid-day and evening, reflecting the requirement for secure power
system operations. Table 5 shows that EVs can obtain a certain amount
13
of revenue (energy arbitrage) through charging from the grid at low
electricity prices and discharging for carbon service provision at high
carbon intensity signals.

To summarize, the scalability of the proposed H2PSPPO has been
verified by the implementation of the coupled transport-power net-
work including a real-world central London transport network and
the modified IEEE 33-bus power network with 300 EVs, compared
with existing literature [33–35] that deploy 24 EVs, 16 EVs, and 200
EVs, respectively. It is because the PS framework enables all agents to
learn a shared policy rather than personalizing policies for each agent,
enhancing training scalability and stability.
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Table 5
Business cases of 300 EVs for charging cost and carbon service provision.

Number
of EVs

Charging
service cost (£)

Carbon
service revenue (£)

Net
revenue (£)

300 785.70 1792.45 1006.75

7. Conclusions

This paper proposes a novel MARL method for the multi-EVs joint
eco-routing and V2G scheduling problem, aiming to simultaneously
decarbonize the coupled transport and power networks through im-
proved eco-routing behavior and the grid carbon intensity service.
Specifically, this problem is first formulated as a POMG, while EV
agents operate in a decentralized manner that does not require any
prior knowledge of the joint environment (i.e., transport and power
networks). To solve this problem, the proposed MARL method learns
a hierarchical architecture for the mutually exclusive discrete routing
and continuous scheduling behaviors via a hybrid policy. To enhance
the scalability and speed up the training process, a PS framework is
introduced for all EVs to train a shared control policy. Extensive case
studies are performed in different settings, including a virtual 7-node
10-edge transport network and a real-world central London transport
network. The results prove the effectiveness of the proposed method in
addressing realistic EVs routing and scheduling problems, contributing
to the low-carbon transport-power network.
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