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ABSTRACT The charging scheduling problem of Electric Buses (EBs) is investigated based on Deep
Reinforcement Learning (DRL). A Markov Decision Process (MDP) is conceived, where the time horizon
includes multiple charging and operating periods in a day, while each period is further divided into multiple
time steps. To overcome the challenge of long-range multi-phase planning with sparse reward, we conceive
Hierarchical DRL (HDRL) for decoupling the original MDP into a high-level Semi-MDP (SMDP) and
multiple low-level MDPs. The Hierarchical Double Deep Q-Network (HDDQN)-Hindsight Experience
Replay (HER) algorithm is proposed for simultaneously solving the decision problems arising at different
temporal resolutions. As a result, the high-level agent learns an effective policy for prescribing the charging
targets for every charging period, while the low-level agent learns an optimal policy for setting the charging
power of every time step within a single charging period, with the aim of minimizing the charging costs
while meeting the charging target. It is proved that the flat policy constructed by superimposing the optimal
high-level policy and the optimal low-level policy performs as well as the optimal policy of the original
MDP. Since jointly learning both levels of policies is challenging due to the non-stationarity of the high-
level agent and the sampling inefficiency of the low-level agent, we divide the joint learning process into
two phases and exploit our new HER algorithm to manipulate the experience replay buffers for both levels
of agents. Numerical experiments are performed with the aid of real-world data to evaluate the performance
of the proposed algorithm.

INDEX TERMS Deep Reinforcement Learning; Electric Bus; Hierarchical Reinforcement learning;
Charging Control

. INTRODUCTION

N recent years, the adoption of Electric Buses (EBs)

in public transportation fleets has been growing rapidly.
Electrification of public transport reduces GreenHouse Gas
(GHG) emissions, lowers maintenance and fuel costs, and
provides the public with a more comfortable riding experi-
ence [1]]. With the increasing penetration of EBs, the question
of how the charging cost can be reduced has become a key
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concern for bus companies [2]]. Concurrently, in an attempt
to spread the demand for electricity and efficiently utilize the
Renewable Energy Sources (RES), power utility companies
have adopted real-time electricity prices. Consequently, bus
companies are presented with an effective measure to reduce
costs and participate in the grid services by implementing
intelligent charging schedules.

In order for EBs to fully take advantage of the time-



varying electricity prices, intelligent strategies for charging
scheduling are essential. Specifically, it is crucial to set an ap-
propriate charging target, which is the target State of Charge
(SoC) level at the end of a charging period. A high value may
lead to unnecessary charging and high charging cost, while a
low value could result in battery depletion during a trip.

The optimization of EB charging schedules has been
extensively explored, with existing contributions generally
categorized into deterministic and stochastic schemes based
on their system modeling approaches. Many studies, such as
[3, [4], fall into the deterministic category. They consider
system models where the parameter values are deterministic
or constant, and typically derive optimal policies through
solving Mixed Integer Linear Programming (MILP) prob-
lems.

While deterministic models do simplify the problem for-
mulation and solution processes, they struggle to address
two significant types of uncertainties encountered in practical
scenarios, i.e., uncertainties in EB operation, such as random
variations in travel time and energy consumption; plus uncer-
tainties in the smart grid, including fluctuations in electricity
prices. Consequently, system models that incorporate these
uncertainties and stochastic elements offer a more realistic
and applicable representation of the real world, ultimately
leading to more reliable and efficient charging schedules.

However, the realistic consideration of uncertainties exac-
erbates the complexities of finding optimal charging targets.
Firstly, since the amount of energy consumption during each
trip depends on the time-varying traffic conditions along
the bus route, the charging targets must be high enough to
support the full trip taking into account these variations.
For example, the charging targets have to be higher during
rush hours, since it will take the EBs longer time and more
energy to complete the trip. Secondly, the charging cost can
be reduced by leveraging the real-time electricity prices. For
example, EBs can create charging schedules that favor off-
peak hours for charging, while discharging energy to the grid
during peak hours in the Vehicle-to-Grid (V2G) mode [5]].

In recent years, some studies within the stochastic cate-
gory, such as [[6]-[11]], have explored the uncertainties in
EB travel time and energy consumption, utilizing method-
ologies such as Robust Optimization (RO) [8[]-[11], Immune
Algorithms (IA) [6]], and Genetic Algorithms (GA) [[7]. These
approaches aim to enhance adaptability to the variable nature
of EB operations. However, existing studies generally do not
account for the uncertainties in real-time electricity prices,
limiting their ability to optimize charging targets for different
charging periods. Additionally, many existing investigations
assume a constant charging power throughout the entire
charging period, restricting EBs from discharging to the
power grid via V2G and adjusting charging power in real
time based on fluctuating electricity prices—both of which
could further reduce charging costs.
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To address the above limitations, this paper develops a
charging strategy for EBs based on Deep Reinforcement
Learning (DRL). DRL combines Reinforcement Learning
(RL) with Deep Neural Networks (DNNs), and has shown
significant potential to address uncertainties in operational
environments in recent years. Compared with other tech-
niques of dealing with uncertainty, such as RO, IA, and GA,
DRL learns optimal policies directly from interactions with
the environment, without relying on predefined stochastic
models of the variables [12]. Moreover, DRL dynamically
learns and updates policies in real time, allowing it to swiftly
adapt to changes in dynamic environments. Despite its great
potential, there is currently a scarcity of literature applying
DRL to charging scheduling for EBs [13]-[17], mainly due
to the difficulty in designing an efficient and stable learning
process.

Unlike existing DRL-based studies for EB charging, our
work accounts for uncertainties in both electricity prices and
traffic conditions while also incorporating flexible charging
power decisions on a fine time-scale - such as every few
minutes - to minimize the charging costs while ensuring
sufficient battery energy for EB operations. Unfortunately,
this task corresponds to a long-range multi-phase planning
problem, which has not been addressed by the aforemen-
tioned DRL-based works. The solution to this problem is
a key challenge in DRL, where the long action sequences
give rise to issues such as slow convergence, high complex-
ity, and insufficiently diverse exploration [18]]. The situation
further deteriorates when rewards are sparse, as in the EB
charging problem when the penalty for running out of battery
during trips occurs sporadically. As a result, learning from
this undesirable outcome is challenging, because of its rare
occurrence.

To overcome the aforementioned challenges, we design a
novel Hierarchical DRL (HDRL) algorithm [[19] in this paper.
The main contributions are summarized as follows.

1) System Model: Our system model extends beyond the
bus transit system to include interactions with the elec-
trical grid, embracing the uncertainties of electricity
prices and integrating V2G capabilities. Furthermore,
charging scheduling decisions at a finer time-scale are
considered, which determine the amount of real-time
charging power, rather than relying on fixed charging
power levels.

2) HDRL Model: To address the challenges in solving
the long-range multiple-phase planning problem with
sparse reward, the charging target option is defined,
which simultaneously serves as a temporally extended
action and a closed-loop policy. By introducing op-
tions, the original MDP is decomposed into a novel
two-level decision process including a high-level Semi-
MDP (SMDP) and low-level MDPs. We demonstrate
that effective policies can be learned from solving the
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high-level SMDP for prescribing data-driven charging
targets. In order to learn a charging scheduling policy
to realize the charging targets whenever possible with
minimal charging cost, we define an intrinsic reward
for the low-level MDPs. It is proved that the flat policy
created by superimposing the optimal high-level policy
and the optimal low-level policy performs as well as the
optimal policy of the original MDP. Meanwhile, since
the long-range effect is captured by the options, the low-
level MDPs become isolated from each other, which can
be trained over a shorter time horizon to improve the
learning efficiency of long-range planning.

3) HDRL Solution: A novel algorithm, namely the
so-called Hierarchical Double Deep Q Network
(HDDQN)-Hindsight Experience Replay (HER) is pro-
posed for simultaneously solving the high-level SMDP
and low-level MDPs while capturing the interplay be-
tween them. Specifically, both the high-level and low-
level agents adopt the DDQN framework [20], but along
with separate experience replay buffers. Both agents
observe the system states and rewards from the envi-
ronment for constructing their own rewards. The high-
level agent prescribes specific charging target options
that are fed to the low-level agent, which decides on
the charging powers that are implemented in the envi-
ronment. Finally, novel approaches based on HER are
applied in order to reduce the impact of non-stationarity
on the high-level agent and sample inefficiency on the
low-level agent brought about by simultaneously learn-
ing multiple levels of policies. This innovation enables
the proposed algorithm to learn more efficiently and
converge faster.

The rest of the paper is organized as follows. Section II
critically appraises the state-of-the-art. The system model
and MDP model are introduced in Sections III and IV, re-
spectively, while the two-level decision process with options
is formulated in Section V. The HDDQN-HER algorithm is
proposed in Section VI. Finally, our experiments are high-
lighted in Section VII, and conclusions are offered in Section
VIIL

Il. STATE-OF-THE-ART

A. RESEARCH ON EB CHARGING SCHEDULING
PROBLEM

There are three major charging technologies for EBs: (i)
conductive charging; (ii) battery swapping; and (iii) wireless
charging. The studies on conductive charging scheduling
can be further divided into plug-in charging and pantograph
charging. Both types are classified into two distinct ap-
proaches: (i) depot charging which adopts normal or slow
chargers to charge EBs at bus depots overnight; (ii) op-
portunistic charging which utilizes fast chargers to charge

EBs at terminal stations or stops [21]]. In the following,
we will primarily review the existing literature on the EB
Charging Scheduling Problem (EBCSP) for plug-in charging
and opportunistic charging, which constitutes the main focus
of this paper.

Traditionally, all the parameters in the EBCSP, such as
the travel time and energy consumption for each trip, are
assumed to be constant or known. Based on this deterministic
information, the EBCSP is normally formulated as a MILP
problem and solved by different methods such as Branch &
Price (BP) [22]], the column generation based algorithm [23],
dynamic programming [24], and optimization solvers such as
CPLIX [3]], [4], [25]-[27]. Some studies [3]], [26]] fully charge
EBs before embarking on a new trip, while other studies [22],
[23]], [28] opted for partial charging, where EBs can charge to
varying SoC levels during different charging periods. In re-
alistic scenarios, the travel time and energy consumption are
inherently stochastic due to factors such as traffic flow and
intersection waiting time. Therefore, their exact values are
unknown when solving the EBCSP in practice. Since MILP
relies on deterministic modeling, it struggles to effectively
handle these uncertainties. To address this issue, He et al.
[3]] estimated an EB’s travel time and energy consumption
using the K-means clustering algorithm, and plugged in the
predicted values in the MILP model to derive the charging
schedule. However, it is impossible to completely eliminate
the prediction errors given current technology limitations.

In order to address the uncertainties associated with
stochastic travel time and/or energy consumption, stochas-
tic models have been formulated. These models inherently
increase the complexity of the optimization algorithms de-
signed for charging scheduling. For example, RO was widely
used by the studies [8], [9], [10]], and [11f], to achieve the dual
goals of reducing charging costs and improving system ro-
bustness. Although RO can handle uncertainties and provide
robust solutions within a predefined uncertainty set, it often
leads to overly conservative policies, sacrificing performance
to mitigate risks. Some studies opted for heuristic algorithms
to address the uncertainties. For example, Liu et al. [6] em-
ployed the ant colony algorithm and IA to optimize charging
plans under fixed and stochastic travel times, respectively.
Bie et al. [[7] presented the probability distribution function
of trip energy consumption and adopted GA to reduce the
charging costs as well as the delay in trip departure times.
Compared to MILP, heuristic algorithms represented by GA
have lower computational costs. However, they require mul-
tiple iterative optimizations, resulting in slow convergence.

Unlike traditional methods, DRL does not require precise
modeling; instead, it learns directly from interactions with
the environment, making it the most effective in handling
uncertainty. In Fig.[T] we visually present the comparison of
MILP, RO, GA, and DRL. There is relatively little research
on DRL-based solutions for EBCSP. Among these studies,
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FIGURE 1: Comparison of MILP, RO, GA, and DRL in
terms of four key criteria: lower computational complexity,
data independency, uncertainty handling, and adaptability to
dynamic environments.

Wang et al. [[15] combined clipped Double Q-learning (DQL)
with Soft Actor-Critic (SAC) to simultaneously solve EB
dispatching and charging scheduling problems, where the
charging scheduling decision is a simple binary variable.
Yan et al. [[14]] adopted Q-Learning and Twin Delayed Deep
Deterministic Policy Gradient (TD-DDPG) to determine the
EBs’ target SoC levels and their assigned service routes,
while assuming fixed charging power. Chen et al. [13] used
DQL to make decisions regarding the charging power for
EBs upon their arrivals at the terminal station. However,
the charging power remains constant for each charging pe-
riod. By contrast, our work considers more flexible charging
power decisions at a smaller time-scale. In summary, while
prior works apply various classical DRL techniques, they
face challenges due to the inherent long-range multi-phase
planning problem when applied to our system model.

Table|l|boldly contrasts our work to the existing literature
on EBCSP in terms of key features. While most existing work
aims for minimizing the charging cost and considers the more
flexible partial charging option rather than full charging,
only some of the studies take into account the uncertainties
in energy consumption and/or travel time, and consider the
charging power as an adjustable decision variable. In ad-
dition, existing treatises generally do not incorporate more
advanced smart grid characteristics, such as the V2G mode
and uncertainty in electricity price. Furthermore, the DRL-
based algorithms are rarely adopted to solve the EBCSP,
addressing the uncertainties in practical systems. As shown
in Table [I] our paper considers all the listed features, filling
the corresponding gaps in this field.

B. HIERARCHICAL RL (HRL)
The existing approaches on HRL are mainly developed based

on three basic frameworks [31], i.e., the option framework
by Sutton et al. [32], MAXQ by Dietterich et al. [33]], and
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the Hierarchy of Abstract Machines (HAMs) by Parr and
Russell [34]. The studies on the option framework can be
categorized into the approaches with or without subtask
discovery. The approaches with subtask discovery, such as
those in [35]], [36]], do not predefine the subtasks for the
options. By contrast, the approaches without subtask discov-
ery, such as the H-DQN by Kulkarni et al. [37], associate
each option with a subgoal state for the low-level policy to
achieve. In this paper, we adopt the option framework without
subtask discovery and associate the options with the charging
targets. In contrast to the existing HRL algorithms operating
without subtask discovery [37]-[39]], we formally formulate
our problem associated with the options, providing a unified
framework for both option learning and subgoal learning.

An important challenge when simultaneously learning a
hierarchy of policies is associated with the non-stationarity
[19], since the low-level policy may change during the
training process, which leads to non-stationary reward func-
tions and transition probabilities of the high-level SMDP.
To address this challenge, the Hierarchical Reinforcement
Learning with Off-policy Correction (HIRO) by Nachum et
al. [38] adopted a mechanism of subgoal re-labeling. The
Hierarchical Actor-Critic (HAC) regime of Levy et al. [39]
integrates the ideas of Hindsight Experience Replay (HER)
[40] with HIRO for further improvement. Since our objective
in this paper involves not only achieving the charging target
subgoals but also minimizing the charging cost, our problem
is more challenging compared to the studies in [38]] and [39].
Fig.[2|shows the contributions of this paper in contrast to the
literature of HRL.

lll. SYSTEM MODEL

The variables and parameters used in this paper are summa-
rized in Table2] In general, we use cursive letters to represent
a set, such as S and A, uppercase letters to represent the
total number of variables in a set, such as 7" and K, and
the corresponding lowercase letters to represent the variable
indexes in a set, such as ¢ and k. In addition, following the
convention of reinforcement learning, we generally use the
capital letters with subscript ¢ to denote random variables,
such as S; and A, while the corresponding lowercase letters
represent sample values of the random variables, such as s
and a. We use uppercase letters to represent constant values,
such as Ey,ax and Fi,. Finally, we use lowercase letters to
represent the functions, such as (S, A¢).

In this paper, we consider an EB routinely traveling along
a bus route that includes several bus stops and a terminal
station. When the EB arrives at the terminal station, its
battery pack can be charged. Therefore, the status of the
EB can be divided into two alternating periods. One is the
charging period, in which the EB stays at the terminal station
for charging. The other is the operating period, in which the
EB travels along the designated route.
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TABLE 1: Contrasting this paper to the literature on EBCSP.
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FIGURE 2: The contributions of this paper in contrast to the
literature on HRL.
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As shown in Fig. 3] consider that there are K operat-
ing periods for the EB in a single day according to its
bus schedule, where each operating period is indexed by
k € {0,...,K — 1}. Additionally, each operating period
k € {0,..., K — 2} is followed by a charging period with
the same index k. Given our focus on opportunistic charging,
which involves fast chargers at terminal stations, we exclude
depot charging that typically occurs overnight after the last
operating period K —1 of the day. Therefore, the time horizon
considered in this paper starts and ends with an operating
period, and there are K — 1 charging periods sandwiched
between K operating periods.

The time in a full day is discretized into 7' equal-length
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FIGURE 3: The schematic diagram of the system model for
the EB charging problem.

time steps, indexed by {0, ...,T — 1}. The duration of each
time step is denoted as At. Let T2, Yk € {0, ..., K —1} and
T¢,Vk € {0,..., K — 2} be random variables that represent
the number of time steps in the operating period k and the
charging period k, respectively. Note that the variables T}
and T} are random due to the uncertainty in the arrival
times of the EBs at the terminal station, which is caused
by the stochastic traffic conditions along the bus route. The
random time step at which the EB arrives at the terminal
station from the operating period k is denoted by ¢, where
k €{0,..., K —1}. Then, the EB enters the charging period
k upon its arrival at ¢y, where k € {0,..., K — 2}

Let T3, Vk € {0,..., K — 2} denote the fixed number of
time steps between two consecutive departures of the EB for
operating periods k£ and k + 1 according to the bus schedule.
This corresponds to the sum duration of a pair of consecutive
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TABLE 2: Notation used in this paper

Notations Description

Sets

A The action space

Lo The initiation set of states for option w

S+t.87/S The state space, the set of terminal/non-terminal states

n The option space

Parameters

By The EB status at time step ¢, O for operating periods and 1 for charging periods

Ccend The penalty for EB to enter the terminal states

Chax!Dmax The maximum absolute value of charging/discharging power of EBs

By The SoC level of the battery at time step ¢

FErax!Emin The maximum/minimum storage constraint of the battery

H, The historical electricity prices in the period spanning from time step ¢ — w,, up to time step ¢

K The number of operating periods in a day

k The index of an operating/charging period

ky The index of the current charging/operating period at the time step ¢

P, The electricity price at time step ¢

St The system state at time step ¢

tx The random time step at which the EB arrives at the terminal station from the operating period &

7 The random number of time steps between two consecutive arrivals of the EB from operating
periods k and k + 1 at ¢, and t541, respectively

T,S The fixed number of time steps between two consecutive departures of the EB for operating periods
k and k + 1 according to the bus schedule

Ty The random number of time steps in the charging/operating period &

Wy, The length of the time window to look into the past prices

At The duration of each time step

T The number of remaining time steps from time step ¢ to the next departure time

Decision Variables

Ay The action at time step ¢

Cy The charging/discharging power of the battery at time step ¢

wy The charging target option at time step ¢

Functions

A (Sy, wy) The penalty of not realizing the charging target

7(St, At) The reward function

Sy, wy) The expected cumulative reward within one transition of SMDP
Y (Sy,we, Ar) The intrinsic reward of the low-level MDPs

B (St) The termination condition of option w

I(By) The probability that the current period is terminated at time step ¢
T (St) The intra-option policy for option w

w1(St) The policy over options

operating and charging periods, i.e., Tg = TP + T¢. Let
T2, Vk € {0,..., K — 2} represent the random number of
time steps between two consecutive arrivals of the EB from
operating periods k£ and k + 1 at {5 and ¢4, respectively.
This corresponds to the sum duration of a pair of consecutive
charging and operating periods, i.e., T = tp41 — tp =
Ty +T¢, .

We define B; as a random variable that represents the EB
status at time step ¢, where B; = 1 and B; = 0 correspond to
the charging and operating periods, respectively. In addition,

let k; denote the index of the current charging or operating
period at time step ¢ [H

Let 7, denote the number of remaining time steps from
time step ¢ to the next departure time. The iterative calcula-
tion for 741 is derived as

7d if B =0and B; =1
Tt41 = { U o e ;o (D

7+ — 1, otherwise

ITo avoid potential confusion, we would like to highlight that ¢, is the
index of a time step and k; is the index of a charging/operating period.
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which means that 7; decreases by 1 at each time step until
it reaches 0. When 7, = 0, the EB will depart for operating
period k;y; at the next time step ¢ + 1. In this case, 744 is
set to a fixed value T,;lt ., according to the bus schedule.

We use [;(Bt) to denote the conditional probability that
the current period is terminated at time step ¢, given whether
the current period is charging (i.e., By = 1) or operating (i.e.,
B; = 0). Note that I';(B;) depends on 7; and k;. Intuitively,
in the operating period (B; = 0), the probability of the EB
returning to the terminal station increases as its traveling time
elapses. Mathematically, we have

Ft(Bt = O) = PI‘(Bt+1 = 1|Bt = OyTt7kt)
Pr(Tg =T —
= Ta=Th=m) - o

d
LY ™= Pr(Tp, = o))

where the numerator represents the probability of the EB
arriving at the terminal station at time step ¢, while the
denominator represents the probability of the EB not arriving
at the terminal station before time step .

For the charging period (B; = 1), we consider that the
bus line works in accordance with a fixed schedule and the
EBs must depart on time. Therefore, when the scheduled
departure time is reached, i.e., 7, = 0, the charging period
terminates with I; = 1. Meanwhile, we have I; = 0 in all
the other time steps. Therefore, we have

1, if =0
Ft(Bt = 1) = Pr(BtJ,-l = 0|Bt = 17Tt) = { '

3)

The optimization objective is to determine the EB charging
schedule in the charging period that minimizes the charging
cost while keeping a sufficient SoC level in the battery
to ensure reliable operation in the operating period. The
charging cost depends on real-time electricity prices, which
fluctuate over time. At each time step ¢, we use P; to denote
the electricity price.

Let E; denote the SoC level of the battery for the EB at
time step ¢, which is constrained by

Emin < Et < Emax- (4)

Furthermore, let C; denote the charging/discharging power of
the EB battery at time step ¢, which is positive when charg-
ing and negative when discharging. Note that the charging
schedule C} only has to be determined in the charging period,
where the EB can either draw energy from or return energy
back to the electric grid in the V2G mode. On the other hand,
the EB is always discharging in the operating period when the
EB travels along the route, and thus C} is negative. Expressed

0, otherwise

mathematically, the constraint of C; can be written as:

Enin=FEr Emax—FEy : _
Ct c [_Dmaxacmax] N [ At B AL t} 5 if Bt =1
[_Dmaxao] m [EII%;E",O] P lf Bt - O ’
)

where Cax and Dy, denote the maximum absolute value
of charging and discharging power, respectively. In addition,
[(Emin — Et) JAt, (Epmax — Et) /At] represents the value
range due to the limitation of the EB battery capacity. Finally,
the dynamics of the EB battery can be modeled as

Ei1 = By + CiAt. (6)

IV. MDP MODEL
A. STATE

Let S; = (Ey, By, 7¢, Hy, k¢) be the system state at time step
t. H; denotes the historical electricity prices in the period
spanning from time step (¢ — w,) up to time step ¢, i.e.,

Ht = (Ptf’u)pvptfwlfklv~"7Pt717pt> . (7)

Note that w,, is the length of the time window used for
considering past prices.

Let ST denote the state space, which can be divided into
the set of non-terminal states S = {S¢|E; > Fpin ; and the
set of terminal states ST = {S;|E; < Epin }. When the SoC
level in the EB’s battery is lower than the minimum battery
capacity constraint, i.e., Ey < Fy,;,, the agent will enter the
terminal states and the current episode will end before the
maximum time step 7" is reached.

B. ACTION

Let A, = C; € A be the action at time step t, where A
represents the action space. The charging scheduling policy
determines the action A; only in those states S; that are
associated with B; = 1. The action space A can be derived
based on the first case in (5). When the EB is in the operating
period (B; = 0), C}; is a random variable whose value at
each time step ¢ is given by the environment rather than being
determined by the agent. The range of the random variable C;
is specified by the second case in ().

C. TRANSITION PROBABILITY

The state transition probability is derived as
Pr (St+1‘5t7 At) =Pr (Bt+1‘Btv Tt kt) Pr (kt+1|kta B, Bt+1)
Pr (Teq1|7e, Be, By, k1) Pr (Evi | By, Ay) Pr (Hyqq|He)
(®)

where the transition probability of state S; is decomposed

into the product of the transition probabilities of each com-
ponent in the state definition. The transition probabilities of



historical electricity prices Pr (Hy41|H;) are not available,
but samples of the trajectory can be obtained from real-
world data. The transition probability of SoC level, i.e.,
Pr (E}41|Ey, Ar) can be calculated by (6). Next, the transi-
tion probability Pr (B4 1|By, 7, k¢) can be derived from the
termination probability I';(B), i.e.,

1-— Ft(Bt),
I (By),

lf Bt+1 = Bt

lf Bt+1:1—Bt7
9

where I;(B;) is given by (2) and (3)). The transition prob-

ability of ki, i.e., Pr(kiy1|ke, Be, Biy1), is derived by the

iterative calculation for ky 41, i.e.,

kt+1, ith+1:03ndBt:].
ki1 = .
ke, otherwise

PI‘ (Bt+1|Bt,Tt, kt) = {

, (10

where ko = 0. Finally, the iterative calculation for 7,1 in @)
can be used for calculating Pr (7¢41|7¢, B, Bry1, kt11)-

D. REWARD FUNCTION

The optimization objective is to minimize the charging costs,
while guaranteeing sufficient energy in the EB battery during
the operating period. Therefore, we define the reward func-
tion as

if S; eS8
ifStEST7

—CiAtP, By,

_Celld (1 1)

T(St, At) = {
where C; At P, By is the charging cost and C°"¢ is the penalty
to the agent for entering the terminal states. This means
that the EB battery is not sufficiently charged to support
the entire operating period to completion. As a result, the
EBs having depleted batteries receive more negative expected
cumulative rewards than their counterpart associated with
normal operation, due to receiving a large negative reward
—C** ypon entering the terminal state. In practice, C'*"?
is a hyperparameter tuned empirically. If set too small, the
agent risks reaching the terminal state, whereas a value
that is too large may lead to an overly conservative policy,
increasing charging costs. In our experiments, the optimal
C*"? is typically around 5 to 10 times Cy At P; By, ensuring
that the agent consistently avoids terminal states while still
optimizing for lower charging costs.

E. OPTIMIZATION OBJECTIVE

Define the return GG as the sum of rewards starting from time

step ¢, i.e.,
T-1

Gy =Y r(Sy, Ap). (12)

t'=t

The state-value or value function V. (s) is defined as the
expected return from starting in state s and then following
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policy T, i.e.,

Vﬂ-(s) :Eﬂ [Gt|St :S],VSGS. (13)

Note that the value function of terminal states is always
—C je., Vi(s) = —C°" Vs € ST. Thus, our objective
is to derive the optimal policy 7* that maximizes the value
function for all the non-terminal states

Ve (s) = max Vi (s),Vs € S. (14)

In order to derive the optimal policy, the action-value
function or Q function Q,(s,a) is defined as the expected
return from starting in state s, taking action a, and then
following policy T, i.e.,

Qr(s,a) = E; [G¢|St = s,Ar = a] ,Vs € S,a € A. (15)

Note that the Q function for the terminal states is al-
ways —C°"? ie., Qq(s,a) = —C" Vs ¢ ST,a ¢
A. The optimal action-value function is then Q% (s,a) =
max, Qr(s,a). Given Q%(s,a), the optimal policy selects
the highest-valued action in each state.

In order to estimate Q% (s, a) typically, the following Bell-
man Equation is used as an iterative update, where

Q" (5,0) =E [r (s,0) + maxQ"(s',a)] . (16)

The formulated EB charging problem corresponds to an
episodic task with a maximum of 7" time steps in an episode.
An episode terminates earlier if the terminal state is reached,
which means that the EB runs out of battery. For any full
episode where the EB does not run into the terminal state, the
last period is always the charging period K — 1, where the EB
has to charge sufficient energy for the operating period 0 of
the next day. The optimal policy is stationary for any episodic
task [32]], [41]].

V. HIERARCHICAL DECOUPLING VIA THE OPTIONS
FRAMEWORK

The MDP model defined in Section IV is essentially a long-
range multiple-phase planning problem, since the time hori-
zon is divided into multiple charging and operating periods,
where each phase consists of a large number of time steps. In
the following, we adopt the framework of options [32], [35]]
to tackle this problem, which enables the agent to abstract
actions at different temporal levels.

A. DEFINITION OF OPTIONS
Let w € {2 denote the options, where {2 is the option space.

Options can be regarded as temporally extended “actions”,
which can last for multiple time steps. An option is prescribed
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by the policy over options p according to the current state .S;.
Each option w is associated with the triple of (Z,,, 7., ),
where 7, is the initiation set of states, i.e., w is available in
state S; if and only if S; € Z,, while 7, is the intra-option
policy and f,, is the termination condition. If an option w is
chosen at time step ¢, the option will terminate with proba-
bility B,,(S¢+;) at each time step t + 1, VI € 1,2,.... If the
option w does not terminate at time step t+1, vVl € 0,1,2,.. .,
an action A, ; is chosen according to the intra-option policy
7 (St+1) and the environment moves on to the next time
step ¢ + [ + 1. Otherwise, a new option w’ may be selected
according to the policy over options 1(S¢+;), and the same
process is repeated for the following time steps.

In this paper, we define the charging target option w, which
corresponds to the target SoC level of the EB’s battery, when
a charging period terminates. Note that the option space is
defined by the E} constraints in (4). Since the charging targets
only have to be determined in the charging periods, Z,, is
defined as

Iw :{St GS‘Bt:].} (17)

The termination condition is defined as

_ 1, if Bt =0 and Bt-‘rl =1
Bu(8e) = { 0, otherwise

which means the option should be terminated when an oper-
ating period ends and the next charging period will start.

;o (18)

B. DECOUPLING THE ORIGINAL MDP

As shown in Figl] by introducing options, our original
MDP model is divided into low-level and high-level decision
processes. The top panel illustrates the original MDP defined
in Section IV, where a flat policy 7 is used for determining
the charging schedule action C} at each time step ¢ during the
charging periods. Meanwhile, C} is given by the environment
according to the amount of power discharged during each
time step in the operating periods. Therefore, the original
MDP consists of an interleaving of MDPs corresponding
to charging periods and Markov Reward Processes (MRPs)
representing the operating periods.

Although the original MDP can be solved directly to
obtain 7, a more efficient solution is to divide it into two
levels through options. The middle panel shows the high-
level SMDP, where the policy over options p prescribes the
charging target option w at the selected time steps {tk}kK:_O2
when the charging periods start. Assume that option w is
selected according to £4(Sy, ) at time step ¢, when a charging
period starts. When the charging period terminates after a
random number of T time steps, the state S, transits to
Stﬁ;pkc, where Etk+T,§ should be as close to the desired
charging target w as possible. When the next charging period
starts at time step ¢xy1 = tp + T, the next option w’ is
selected according to 14(St, , , ).

T tlat policy [ policy over options

W option T, intra-option policy
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FIGURE 4: The schematic diagram of the original MDP,
high-level SMDP, and low-level MDPs.

Finally, the bottom panel shows that the low-level MDPs
are embedded into the high-level SMDP, where at each
charging period, the intra-option policy 7, of the selected
option w determines the optimal charging schedule action
C; that minimizes the charging cost, while ensuring that the
charging target of w is realized. By superimposing the high-
level policy over options p and the low-level intra-option
policy m,,, a flat policy is constructed to solve the original
MDP problem. Notably, the long time-horizon of the original
MDP is divided into multiple shorter time-horizons of the
low-level MDPs. Since each low-level MDP is provided with
a charging target option obtained by solving the high-level
MDP, the low-level MDPs become independent of each other.
In other words, each low-level MDP only has to concentrate
on its immediate time-horizon for decision-making, without
having to look further into the future and consider those low-
level MDPs in subsequent time-horizons.

By adopting the hierarchical structure and solving the
high-level SMDP and low-level MDPs instead of the original
MDP, the learning efficiency and convergence speed can be
significantly improved.



C. THE HIGH-LEVEL SMDP

When we only consider the high-level policy over options x
to select options (i.e., assuming the intra-option policy
is available for each option w € (2), the decision process
becomes an SMDP [41] that can be derived from the original
MDP.

In SMDP, state transitions and action selections take place
at discrete time, but the length of time interval from one tran-
sition to the next is random. Therefore, an SMDP consists of
state space, action space, an expected cumulative discounted
reward for each state-action pair, and a joint distribution of
the next state and transit interval. In our high-level SMDP,
the states are the same as those of the original MDP, while
the actions correspond to the options. For each state transition
when option w is selected, the transit time is 7}’ time steps.
Note that an option terminates when either the EB arrives at
the terminal station where T} = T}, or the EB runs out of
battery during the trip where T}’ < T}'. The SMDP model
has its corresponding reward r! (s,w), i.e., the expected
cumulative reward within one transition of SMDP in T}’ time
steps. Let £(w, s, t1;) denote the event that w starts in state s
at time step t. The reward r! (s, w) can be derived by

TE -1

it (S’w> =Er, Z T(Stk+l’ Atk+l)|€(w7 S, tk) )
1=0
(19)
where the action A;, ;; is derived based on the intra-option
policy 7, for the first T} time steps during the charging pe-
riod, and then provided by the environment for the following
Ty — T time steps during the operating period.

The transition distributions of the SMDP P, can be
formulated as

oo

Pe, = Z P(s',TY), (20)
TE=1

where P(s’,Ty) represents the probability that the option

terminates after 7}’ time steps when the state s changes to

s’

Let us define the high-level return GkH as the sum of the
high-level rewards starting from time step ¢, i.e.,

K-—1
Gl => 1" (S, wr,,), Yk €{0,1,--- , K =2} (1)
k' =k

The high-level value function V7 (s) is defined as the
expected high-level return from starting in state s and then
following the policy over options (i, i.e.,

VI (s) =EuEnr, [GYS:, =s] Vs €S. (22

Note that the high-level value function of the terminal states
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is always —C", ie., VH(s) = —C"? Vs € ST. The
objective of the high-level SMDP is to derive the optimal
policy over option p* that maximizes the high-level value
function for all the nonterminal states

VH(s) = VMI;I(S) = max VMH(S),VS es. (23)
m

In order to derive the optimal policy over options, the
option-value function or high-level Q function Qf (s,w) is
defined as the expected return from starting in state s, taking
option w, and then following policy (, i.e.,

QH(s,w) = E,En, [GH|S,, = s,wp, =], Vs € S,we Q2.
(24)

Note that the option-value function for the terminal states is
always —C", ie., Qff (s,w) = —C" Vs € ST,w €
2. Given the optimal option-value function Qf (s,w) =
max,, Qf (s,w), the optimal policy over options selects the
highest-valued option in state s at time step ¢;. The Bellman
Optimality Equation is

QY (s,w) = E |1 (s,w) + max QI (s, )€ (w, )],
(25)

where € (w, s) denotes option w being initiated in state s.

D. THE LOW-LEVEL MDP

As illustrated in Fig. ] the course of the original MDP is
divided into an interleaving of low-level MDPs and MRPs,
where the time horizon T (resp. Ty)) of each low-level MDP
(resp. MRP) corresponds to the charging (resp. operating)
period in one transition of the high-level SMDP. In order
to derive the intra-option policy 7, the low-level MDP is
formulated below.

In the low-level MDPs, the state is denoted as (S, w;),
where the state in the original MDP, i.e., .S, is augmented by
including the current option w;. Let SZ‘ denote the low-level
state space, which can be divided into the set of low-level
non-terminal states Sy, = {S; € S,w; € 2|B; = 1} and the
set of low-level terminal states S} = {S; € S,w; € 2|B; =
0}. Note that the low-level MDP terminates whenever the
EB enters the operating period, i.e., B; = 0. The actions
and the transition probabilities are the same as those of the
original MDP, since w; remains the same throughout the time
horizon of the low-level MDP. Since we should ensure that
the charging target of the selected option w is realized at the
end of the current charging period, the intrinsic reward of the
low-level MDPs is defined as

—C,AtP,B,, if
TL(s,w7a):{ CiAtP By, if (s,w) € 51 (26)

—kct (s,w), if (s,w) € SF’
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where )
tar(87W) = (w — Etk—I—T,S) . (27)

Note that s = S; and @ = m,(s) when (s,w) € Sg.
Although no action is selected when (s,w) € S%, we keep
the action in the reward function of the terminal state for no-
tational simplicity. Furthermore, c*3* (s, w) in (27) represents
the penalty of not realizing the charging target, which is the
squared error between the charging target w and the actual
SoClevel Ey,  re at the end of the charging period. Finally, £
in (26) is the coefficient representing the relative importance
of minimizing the charging cost versus the penalty c** (s, w).
K is set to a high enough value to ensure that the charging
target is met whenever possible.

C

Let us define the low-level return G¥ as the sum of the
intrinsic rewards from time step ¢ to the end of the time
horizon of the low-level MDP, i.e.,

tk+T);'
> b Sy w, Ap) |Vt € [thote + T(]. (28)

t'=t

Gt =

The low-level value function VX (s,w) is defined as the
expected return from starting in state (s, w) and then follow-
ing the intra-option policy 7, i.e.,

V,TLw (s,w) =E, [GﬂSt =s,w|,V(s,w) €Sp. (29)

Note that the value function of low-level termi-
nal states is always —rc™(s,w), ie., VE(s,w) =
—Kkct™(s,w),¥(s,w) € SE. The objective of the low-level
MDP is to derive the optimal intra-option policy 7, that
maximizes the low-level value function for all the states

VE(s,w) = VWL: (s,w) = max V" (s,w),¥(s,w) € SL.
’ (30)

In order to derive the optimal intra-option policy, the low-
level action-value function or Q function Q{;w(s,w,a) is
defined as the expected low-level return from starting in state
(s,w), taking action a, and then following policy 7, i.e.,

Qﬁw(s,w,a) =E,, [G,{“\St =s,A; = a,w} , 31)
Y(s,w) € Sp,a € A.

Note that the action-value function for the low-level ter-
minal states is always —rc' (s,w), ie., Q% (s,w,a) =
—kct(s,w),¥(s,w) € Sf,a € A. Given the optimal
action-value function QL (s,w,a) = max,, Q% (s,w,a),
the optimal intra-option policy selects the highest-valued
action in state (s,w). The Bellman Optimality Equation is
given as

QF (s,w,0) = E 1" (s,w,0) + max QL (s',w, )] . (32)

Theorem 1. The flat policy created by superimposing the
optimal high-level policy over options p* and the optimal

low-level intra-option policy m}, performs as well as the
optimal policy of the original MDP 7%, i.e.,

T-1

> (S, A)lSo = s| Vs €S,
- (33)

Vi (s) = Eu*Eﬂ:*

where w* = u*(s), Vs € S represents the charging targets
prescribed by p*. Moreover, u* is the optimal high-level
policy over options when the optimal low-level intra-option
policy 7, is available in the high-level SMDP.

VI. DRL SOLUTION

In this section, we present a DRL algorithm, namely the
HDDQN-HER conceived for learning the optimal policy over
options p* by solving the high-level SMDP; and the optimal
intra-option policy 7, by solving the low-level MDPs.

A. OVERALL TRAINING FRAMEWORK

We adopt two deep Q networks, ie., QY (;6") and
Qr ('; 9L) with parameters # and #;, to approximate
Q! (s,w) and QY (s,w, a), respectively. The two networks
are jointly trained, where the overall framework is illustrated
in Fig. 5] At each time step ¢, both the high-level and low-
level agents receive state S; from the environment. The high-
level agent only selects a charging target option w; based on
Sy when a new charging period starts, i.e., By = 1, B;_1 = 0.
The option is fed to the low-level agent instead of being fed
to the environment. The low-level agent selects a charging
schedule action A; at every time step ¢ in the charging period
(B; = 1) based on the state Sy and the option w;. The action
Ay is fed to the environment, which responds to the agent by
providing the reward (S, A¢). Meanwhile, the environment
directly provides the agent with the reward at each time
step t in the operating period (B; = 0) without requiring
an action from the agent. The high-level agent calculates
the high-level reward r(S;, w;) by summing up the reward
r(St, Ay) during each SMDP transition. Meanwhile, the low-
level agent derives the low-level reward r'(S;,w;, Ay) at
each time step based on 7(St, A¢) and w; according to (26)

and 27).

The two Q networks Q™ (+;6") and Q" (-; 6") are trained
simultaneously based on the DDQN algorithm. We refer
interested readers to [20] for details of the DDQN algorithm.
The high-level and low-level agents draw experiences from
their own replay buffers, i.e., R" and R, respectively. The
two replay buffers are updated at different time scales. More
specifically, transitions for the low-level MDPs are collected
and stored into R" at each time step in the time horizon of
the low-level MDP. However, only when the agent enters the
terminal state or when an operating period terminates (i.e.,
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FIGURE 5: The framework of HDDQN-HER algorithm.

B; = 0 and By, = 1), will a new transition for the high-
level SMDP be collected and stored into RH.

B. OVERCOMING NON-STATIONARITY IN TRAINING
HIGH-LEVEL AGENT

Based on the above framework, it is challenging to directly
learn the high-level policy over options p* and low-level
intra-option policy 7 in parallel. This is mainly due to the
non-stationary environment of the high-level agent, which
is caused by exploring and updating low-level policy during
training. Specifically, the non-stationarity has two facets.

« Non-stationary reward function: according to the low-
level reward function defined in @), the low-level agent
learns to minimize the cumulative charging cost during
the charging period, while ensuring that the charging
target is realized. Therefore, the cumulative charging
cost decreases, while the low-level policy improves
during training, which means that the high-level reward
function rf (s, w) as defined in (T9) changes over time.

« Non-stationary transition probabilities: a sub-optimal
low-level policy activated during training might not
be able to achieve the charging target w set by the
high-level agent, while the charging target is actually
achievable by the optimal low-level policy. In this case,
the transition probability P, of the high-level SMDP
will change over time as the low-level policy learns to
achieve the charging target.

To overcome the above challenges, we adopt the following
pair of measures so that the high-level SMDP model remains
independent of the changing and exploring low-level policy.

o To deal with the non-stationary reward function, we
divide the joint learning process into two phases. In
the first phase when the number of training episodes is
smaller than a threshold, i.e., e < M., the high-level
rewards 7! stored in the high-level replay buffer R are
obtained by running a fixed low-level policy 7, instead
of those actually achieved by the low-level behavior
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policy that is being trained. In the second phase when
e = M., we calculate the high-level rewards #H based
on the low-level behavior policy, i.e., 7! = rH, since
the low-level policy almost converges to the optimal
one at this phase and the non-stationary reward issue is
negligible.

o To deal with the non-stationary transition probabilities,
the actual SoC level of the battery Ei, ;7 at the end
of the charging period is stored in the high-level replay
buffer R as the option, instead of the actual option w
that has been prescribed by the high-level agent at time
step tx, when the charging period started. Therefore, the
transition stored in R is [Sy, , @, P (S, , @), SthrT,?]
instead of [Sy,,w, (S, w), Sy, 11e ], where & =
E}\+1¢. Note that the next state St, y7a is the one
that is actually visited in this episode, and the reward
#1(S;, ,@) is calculated as described above, depending
on the current training phase.

C. IMPROVING SAMPLE EFFICIENCY IN TRAINING THE
LOW-LEVEL AGENT

The low-level agent has to learn to achieve multiple charging
targets, while only at the end of an episode will the penalty
' (s, w) of not realizing a given charging target be available
in the low-level reward defined in (26)). Both the multi-goal
and sparse reward issues impair the sample efficiency in
training the low-level agent, which leads to slow convergence
in learning the low-level policy, as well as to an adverse effect
in overcoming the non-stationarity for the high-level agent.
To deal with the above challenges, we harness the following
measures for improving the sample efficiency.

« Restricting the Option Space: In each charging period,
the low-level agent tries to achieve the charging tar-
get prescribed by the high-level agent. However, some
charging targets might be unachievable, when the high-
level agent has not yet learned a good policy. As a result,
learning to achieve such charging targets is futile for the
low-level agent, and the corresponding experiences are
wasted.

— Given the SoC level E; at the beginning of a charging
period, some charging targets are unachievable by the
end of the charging period even if the EB is fully
charged or discharged at all the time steps. According
to the dynamics of the SoC level in (]§[), a state-
dependent option space {2’ can be defined as

Q2 ={we Nw € [Ey — T¢Dmax, Bt + 7Cmax]} -
(34)

— If a charging target is too low, the EB will
run out of battery power during operation and
the MDP enters the terminal states. To exclude
these unreasonable charging targets, all transitions
({—,w},—, —, {—,w}) associated with the current
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option w are deleted from R, whenever the agent
enters the terminal states.

o HER: In addition to the original transition ({57 w}h,a,rt,
{s’,w}) that is stored in the low-level replay buffer
R, we create another hindsight transition, i.e.,
({s,TBD},a,?",{s',TBD}). At the end of the
charging period, the actual achieved SoC levels Ey, 1 r¢
are filled in the TBD components and the additional
hindsight transitions are stored into R if the charging
target w is not realized. Note that 7 = 7 at all the time
steps, except for the last time step in the time horizon of
the low-level MDP, i.e., By = 0 and B;_; = 1, where
¥ (s,w) = 0in #Y(s,w, a) since the substituted charg-
ing target E, 7c is realized. This method guarantees
that at least one sequence of transitions is stored in R
that succeeds in realizing the charging target for each
charging period.

Algorithm [I] describes the pseudocode of the HDDQN-
HER algorithm. The functions to select actions or options,
store hindsight transitions into R", and to update the asso-
ciated Q networks are presented by Algorithms [2} 3] and
respectively. In Algorithm |2 the options or actions are
prescribed based on the popular e-greedy policy, while in
Algorithm@ the two Q networks QH (-; 0H) and QL (~; QL)
are updated based on the corresponding sampled minibatch
of transitions.

Vil. NUMERICAL ANALYSIS

In order to evaluate the effectiveness of the proposed
HDDQN-HER algorithm, we perform experiments based on
real-world data. All the experiments are performed on a
Linux server, where the DRL algorithms are implemented in
Tensorflow 1.14 using Python 3.6.

A. EXPERIMENTAL SETUP
1) Simulated Environment

The environment that is simulated in our experiments com-
prises three EBs serving the same bus route. Each of the EBs
operates according to a fixed daily schedule [42]]. Specifi-
cally, the first EB departs from the terminal station at 6:30
in the morning, and the last one departs at midnight, i.e.,
0:00. An EB is scheduled to depart every 30 minutes during
this period, which means that the duration between two
consecutive departures of each EB is 90 minutes. The dura-
tion of the operating period T} follows normal distributions
with different mean values at different times of the day, i.e.,
T¢ ~ N(50,8) at rush hours (7:00-9:00 and 17:00-19:00)
and T} ~ N (40, 8) at other times.

The time horizon for each EB always starts with a charg-
ing period, when it arrives at the terminal station after its

Algorithm 1 HDDQN-HER algorithm

1: Initialize QU (s,w; GH) and Q- (s,w, a; GL) with 91 =
Ol and 0% = 0F, respectively. Initialize target Q
networks QF— (s,a;@H*) and Q~ (s,w,a;@L’) with
Pi— «— OM and A%~ <« OT. Initialize RY and RE,
exploration probability e = 1 and ! = 1.

2: for episode e = 1, ..., M do

Receive the start state s

Derive the option space {2’ based on (34)

rH(s,w) < 0,80 < s

w < e-GREEDY(s,{2,el,QH (807(4); GH)), 04— w

fort=1,....,T do

if B; = 1 then
a < e-GREEDY({s,w},A,e",Q" (s, w, a; 0"))

10: Execute action a and observe reward r (s, a),
and next state s’ from environment

11 Derive low-level reward 7" (s, w, a),

R S A

12: Store ({s,w},a,r™, {s’,w}) into R™

13: HER(s,w, a, ", ', &, R)

14: else

15 Observe action a, reward r(s,a), and next
state s’ from environment

16: end if

17: UPDATE(RY,Q" (+;6%),Q% (- 67))

18: i rH (s, a)

19: if s is terminal state or By = 0, B;1 = 1 then

20: if e < M, then

21: Derive 7+ by running policy 79

22: else

23: FH = pH

24: end if

25: Store transition (so, @, 7™, s') into R™

26: UPDATE(RH, QM (+;01),05~ (-;657))

27: if s is terminal state then

28: Delete ({—,w}, —, —, {—,w}) from R

29: Terminate this episode

30: else

31 Update 2’ based on (34)

32: w — €-
GREEDY(s',82' ¢, O (&', w; 61))

33: rH(s,w) < 0,80+ 8,0+ w

34: end if

35: end if

36: s+ s

37: end for

38: Anneal €& and e

39: end for

first departure in the morning, where a pair of consecutive
charging and operating periods corresponds to one transition
in the high-level SMDP. The duration of a time step is set
to 10 minutes, i.e., At = 10 min. The parameters of the
environment are listed in Table[3
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Algorithm 2 Select action a or options w

Algorithm 4 Networks updating

1: function ¢-GREEDY (x,B,¢,Q (-; 0))
2 if random()< e then
3: return random element from set 3
4 else
5 return arg max@ (z, b; 6)
beB
6: end if

7: end function

Algorithm 3 Store hindsight transitions

1: function HER(s,w, a, ", s', &, RY)
2: Creat hindsight transition
({s,TBD},a,#",{s', TBD}) where " = r"

3: if Bi11 =0and w # E;;, then

4 @ ¢ Ey1, update reward 7

5: Replace T'B D with @ and store hindsight transi-
tions into R

6: end if

7: end function

2) Experimental data

We use real-world data on electricity prices to train the DRL
agents. The dataset contains hourly time-varying electricity
prices that reflect the wholesale market price derived from the
Midcontinent Independent System Operator (MISO) delivery
point [43]]. Since the electricity price data from one month
closely approximates the statistical distribution observed
over an entire year, we adopt the one-month electricity price
data for training. Specifically, the data in January 2023 is
used for training, and the data in the first week of February
2023 is used for testing. Fig. [6]shows the trajectories of elec-
tricity prices on a typical day. By observing the fluctuations
over time, we find that electricity prices are highest with the
value of $0.03921/kWh during the hours of peak demand
(between 17:00 and 18:00 daily).

3) Baseline algorithms

Several baseline algorithms are simulated for performance
comparison with HDDQN-HER.

1) DDQN-Original: The original MDP of Section III is
directly solved by DDQN to obtain a flat policy 7.

2) DDQN-Low: The low-level MDPs corresponding to the
charging periods are solved by DDQN. However, the
charging target is set to the maximum battery capacity,
as in [3]], [26], rather than being determined by the
policy over options. The reward function of the low-
level MDPs is similar to that defined in (26)), except that
k' (s, w) is replaced by £’ (Emax — EtﬁTk;)Q, which
measures the range anxiety.

3) DDQN-High: The high-level SMDP is solved by

1: function UPDATE(R,Q (+;0),Q~ (+;07))
2: Sample a random minibatch M =
{50, a® @) s} from R and set the target
yW =r 40" (8’(i),arg max( (S'(i), a; 0) ;9‘)
3: Update Q by gradient descent on loss L(#), where
1 . , ) 2
LO) = > (y(n o) (Sm’a(z);@)) 7
M

4: end function

TABLE 3: Parameter configuration in the system model.

Notations Values Description
Wy 4 The length of the time
window to look into the past
prices
Cmax ! Dmax  120kW/  The maximum absolute
120kW value of
charging/discharging power
of EBs
FErin ! Fmax OkWh / The minimum / maximum
240kWh  storage constraint of the
battery
cend 50 The penalty for EB to enter
the terminal states
k1K 0.005 / The coefficients of the
0.0006 penalty ¢***(S;, w;)/ the

cost of range anxiety

DDQN to learn the charging target. However, the low-
level MDPs are solved by a fixed policy m? rather
than by the intra-option policy 7, learned by training
the low-level agent. Specifically, the charging target
is realized whenever possible without considering the
fluctuating electricity prices. This approach adapts the
charging power at a coarse time scale, specifically once
per charging period, similar to the method in [13]].

4) HDDQN: Both the high-level SMDP and low-level
MDPs are solved by two DDQN networks, respectively.
This approach adopts the same framework as in Fig.
Bl namely the HDDQN-HER. However, the methods
of overcoming non-stationarity and improving sample
efficiency in Section VI.B and C are not adopted.

Note that a fixed low-level policy 7 is used in DDQN-
High as well as the first learning phase in HDDQN-HER. In
the experiments, we set w9 as follows: at each time step in a
charging period, the charging power ¢; is set to the maximum
value until the charging target is realized.
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FIGURE 6: The trajectories of the electricity prices of a
typical day in the experimental data.
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FIGURE 7: The performance curves of the algorithms in
the training process. The vertical axis corresponds to the
average performance across the three EBs, and the shaded
areas represent the standard errors.

The hyper-parameters of the DDQN networks are listed
in Table 4] Note that the total number of training episodes
is 24000. The training process of HDDQN-HER is divided
into two phases with the threshold of M, = 6000. Therefore,
the first phase corresponds to when the training episodes
obey e < 6000, while the second phase corresponds to
6000 < e < 24000. The entire training process took
approximately 10 hours, while executing a single episode
during the deployment process took less than 15 seconds.

B. EXPERIMENTAL RESULTS
1) Performance for the test set

For each EB, we executed 100 complete episodes based
on the test set after training. We obtain the individual per-
formance of each EB by averaging its return over the test
episodes, where the return of one episode is defined in (I2)).
Table [5 summarizes the individual performance of each EB,
as well as the average and maximum performance over the
three EBs for all the algorithms. The performance rank-

TABLE 4: Hyper-parameters of various DRL algorithms.

Algorithms Parameters
DDQN- Q Learning  Batch Training
network Rate Size Episodes
size
high-level 256,300,100 5e-6 128 6000+18000
low-level 256,300,100 5e-6 64 6000418000
Original 256,300,100 5e-6 128 24000
High 256,300,100 5e-6 128 24000
Low 400,300,100 1Ie-6 64 24000

ings are consistent, where HDDQN-HER achieves the best
performance, followed by HDDQN, DDQN-High, DDQN-
Original, and DDQN-Low. The average performance of
HDDQN-HER is better than those of the baseline algorithms
by 0.097%, 9.85%, 28.44%, and 39.60%, respectively.

Both HDDQN and HDDQN-HER achieve much better
performance than the other algorithms, demonstrating the
effectiveness of our proposed framework in Fig. [5] Note that
HDDQN-HER only achieves slightly better average perfor-
mance than HDDQN, while the maximum performances of
the two algorithms are nearly the same. These results show
that the proposed methods of overcoming non-stationarity
and improving sample efficiency do not improve the final
performance of HDDQN-HER much over HDDQN as long
as sufficient training episodes are run. However, a significant
convergence speed of the training process is observed, as it
will be discussed in Section VIL.B 2).

DDQN-Original performs worse than both HDDQN-HER
and HDDQN, since it struggles to learn an optimal policy by
directly solving the original MDP for a long horizon. As the
penalty C°"? for entering the terminal states is sparse, a long
sequence of highly-specific actions must be executed prior
to observing a terminal reward, which makes the learning
task challenging. Meanwhile, the hierarchical framework in
HDDQN-HER provides an intrinsic reward for the low-level
MDPs through options, which substantially improves the
sample efficiency.

HDDQN-HER outperforms DDQN-Low due to the more
reasonable charging target in the reward function. The charg-
ing target of DDQN-Low is set to the maximum battery
capacity, while those of HDDQN-HER are learned by solving
the high-level SMDP. Therefore, HDDQN-HER can adapt to
the electricity price changes throughout the day and consider
the long-range effects of decisions. In addition, compared to
HDDQN-HER, DDQN-High discards the low-level DDQN
network, which prevents it from adapting EB charging power
at a fine time scale to fluctuating electricity prices. Conse-
quently, it cannot learn optimal policies for the low-level



TABLE 5: The individual, average, and maximum perfor-
mance of the algorithms across three EBs.

Algorithms Performance

EBA | EBB EBC Max Average
HDDQN-HER -10.23 | -10.48 | -10.31 | -10.23 | -10.34
HDDQN -10.23 | -10.50 | -10.32 | -10.23 -10.35
DDQN-High -11.25 | -11.67 | -11.48 | -11.25 | -11.47
DDQN-Original | -14.08 | -14.67 | -14.59 | -14.08 | -14.45
DDQN-Low -16.92 | -17.38 | -17.05 | -16.92 | -17.12

MDPs. Finally, comparisons with both DDQN-High and
DDQN-Low demonstrate the importance of both levels of
DDQN networks for the proposed algorithm. Omitting either
level would hinder the algorithm’s ability to achieve optimal
performance.

2) Convergence Properties

Fig.[/|shows the performance curves of the algorithms, which
are obtained by periodically evaluating the policies during
training. Specifically, we ran 10 test episodes for every 100
training episode, where the X-axis is the number of training
episodes and the Y-axis is the performance corresponding to
the average return over the latest 10 test episodes. The shaded
areas indicate the standard errors across the three EBs.

The proposed HDDQN-HER converges first at approxi-
mately 8500 episodes, followed by DDQN-Low at approxi-
mately 10000 episodes due to its simple framework and short
time horizon. However, the performance of DDQN-Low after
convergence is inferior to those of the other algorithms.
DDQN-High also converges relatively fast at approximately
12000 episodes. By contrast, without the methods of over-
coming non-stationarity and improving sample efficiency in
HDDQN-HER, HDDQN converges slowly at around 15000
episodes. Finally, the convergence of DDQN-Original is the
slowest, which converges at around 18000 episodes. This
result further demonstrates the low sample and learning effi-
ciency, when directly solving a long-range planning problem
by RL. The shaded areas of all the algorithms are relatively
small, which shows that all the algorithms perform consis-
tently for different EBs.

3) Charging Schedule Results

Fig.[§]illustrates the detailed charging schedule decisions and
corresponding costs for EB A at each time step in a typical
episode based on the test set. The grey and white regions
indicate the operating and charging periods, respectively. Fig.
and show the charging power at each time
step and the EB’s battery trajectory. Notice that there is a
horizontal line for each charging period in Fig. which
represents the learned charging target. In Fig.
and ()] the sum cost trajectory is displayed as a curve,
where the sum cost at time step ¢ is derived by the negative
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reward —r (S, A;) in ([I). Since the sum cost consists of
two components, i.e., the charging cost and the cost of
entering terminal states, we use the bar chart to visualize the
individual costs in detail.

Fig. B(b)l [B(d)] and [B(f)| show that there is no cost for
entering the terminal states, which means that the basic

requirement of ensuring sufficient battery energy can be met
by all the algorithms. A closer examination of Fig. and
shows that the battery trajectory curve of HDDQN-HER
fluctuates much more than that of DDQN-Original, which
is because the high-level DDQN in the proposed algorithm
can better learn the fluctuating trends of electricity prices in
a full day. Therefore, the high-level agent decides to charge
more when the electricity price is low in the afternoon from
14:00 to 16:00, and sell more electricity when the price is
the highest, namely from 17:00 to 19:00 to minimize its
charging cost. Meanwhile, DDQN-Original is unable to learn
such an efficient policy, which leads to the relatively high
charging cost seen in Fig. Additionally, Fig. shows
that HDDQN-HER can realize the charging target in every
charging period. Finally, as shown in Fig. the battery
SoC curve of DDQN-Low continues to remain high, since the
charging target is the constant full battery capacity. Due to the
cost of range anxiety, the agent tends to fully charge the EB
in most charging periods, which is an essential reason why
DDQN-Low has the highest charging cost. It can be observed
in Fig. [8(e)| that the EB is always fully charged except in the
8-th and 9-th charging periods, which means that the cost of
range anxiety is always zero except in these two periods.

VIIl. CONCLUSIONS

We have studied how to use HDRL techniques to learn
optimal charging schedules for EBs in a system model giving
full cognizance to both the charging and operating periods.
An MDP model has been conceived, which has been refor-
mulated into a two-level decision process in order to over-
come the challenges of long-range multi-phase planning with
sparse rewards. It has been proved that the flat policy created
by superimposing the optimal high-level and low-level poli-
cies performs as well as the optimal policy of the original
MDP. The HDDQN-HER algorithm has been conceived for
training the two levels of agents simultaneously, in which
compelling methods leveraging the idea of HER are proposed
to deal with the non-stationarity encountered in training
the high-level agent and to improve the sample efficiency
in training the low-level agent. Finally, experiments have
been performed to demonstrate that the proposed algorithm
achieves better performance than the baseline algorithms.

In our future work, the HDRL framework will be extended
to consider charging schedules for EB fleets, where the high-
level bus scheduling decisions that are made at a coarser
time-scale can be optimized jointly with the low-level charg-
ing power decisions made at a finer time-scale. Our ultimate
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FIGURE 8: A specific test episode on an EB.

goal is to leash all solutions of the multi-component Pareto-
front having a gradually increased number of parameters
in the objective function. Additionally, we will integrate
safe RL techniques to provide formal guarantees that the
agent does not enter terminal states. This enhancement will
further improve the robustness of our approach in real-world
deployments. Finally, we plan to incorporate real-world EB
operational data instead of simulated data in our experiments
to better capture real-world uncertainties and refine policy
performance under practical conditions.

APPENDIX A PROOF FOR THEOREM 1

Proof. Without loss of generality, the R.H.S. of (33) in
Theorem [Tl can be derived as

T-1
Vi (8) W maxV (s) © maXE Zr Sty A)|So = s
t=0

© R
= max Z Z r (St,41, At +1)|So = s| ,Vs € S,
k=0 1=0
(35)

where (a) is because 7* is the optimal flat policy; (b) is
derived by definition of V. (s); (c) reformulates the reward
summation by grouping rewards according to periods.

When a charging period k& € {0,1,--- , K — 1} terminates
after a random number of T’ time steps, we denote the SoC
of the battery when following the optimal flat policy 7* as

*
Etk+T,§'



In the following, we will prove Theorem 1 in two steps.
Specifically, we decouple n* into a high-level policy over
options [ and a low-level intra-option policy 7. Thus, the
SoC levels E;‘HT’:, Vk €{0,1,--- , K — 1} can be regarded
as the charging targets prescribed by /i , i.e.,

ﬂ(Stk):oU:Et*HT?Vke {0,1,--- ,K —1}, (36)
while the charging target w is fulfilled by the policy 7, i.e.,
7o (St) = 7 (St), Yt € {tg, - ,tp + T — 1} 37

In the first step, we will prove that the optimal low-level
intra-option policy 7, achieves the same performance as 7,
does when their charging targets are both prescribed by /i in

(3o, i.e.,

7
Eﬂz ZT (Stk+l’Atk+l)|Stk =S
=0
Ty
= E‘fm ZT (Stk+l7Atk+l)|Stk =3 (33)
=0

For this purpose, we adopt the proof by contradiction method
and assume that (38) does not hold. Firstly, we have

T
]Ew:; Zr(StkH?Athrl)'Stk =S
=0
(@) &
= By |0 (Stty @, Apy12) IS, = 5
=0
(b) &
b ~
= H}‘_%‘XETFQ, ZTL (Sthrlvw?Athrl)‘Stk =3
¢ 1=0
I
> Efr@ ZTL (Stk+l?a)7Atk+l)|Stk =S
_l=0
W [&
d
= E‘fm Zr(stk+l7Atk+l)|Stk il (39)
=0

where (a) and (d) are valid, because there is no penalty for
failing to realize the charging target in (26), i.e., ¢ (s,w) =
0 since both 7% and 7, can realize the charging target w;
(b) and (c) are true according to the definition of the optimal
value function in (30).

Since we assume that (38) does not hold, (c) in is
a strict inequality due to the property of the max operator,
which means that we have
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7 (Stut1, Ay +1)[So = s
7 (Stut1, Aty 41)[So = s

© g I(il
- " k=0

Yg,. 7 (Sevis A i)So = s| . (40)

where (a) is derived from (39) with strict inequality; (b)
is due to the fact that 7* is the superimposition of [ and
Ty; (c) is because of the zero rewards during the operating
periods from T} to T} — 1, since there is no charging cost
in the operating period. Moreover, the optimal flat policy
7* ensures that there is no penalty for entering the terminal
states, i.e., C°*¢ = 0 in (TT).

Furthermore, implies that the flat policy created by
superimposing the policy [ and the optimal intra-option
policy 77 performs better than the optimal policy 7* for the
original MDP, which cannot be true by the definition of 7*.
Therefore, (@0) contradicts to (33), and we have thus proved
that (38) holds.

In the second step, we will prove that the optimal high-
level policy over options p* achieves the same performance
as [t does when the low-level intra-option policy is 7, i.e.,

[KZ (S 5 = ]

k=0
K—1

= EE.

(Stka ) ‘SO = S] . 41)
k=0

In order to prove (1), we also adopt the proof by contra-
diction method and assume that does not hold. Thus, we
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have

T-1
D (S ASy =5

t=0
(@) =
= E, e Ep- Z (S, w*)|So = s
k=0
5 K—1
Y maxE,En. | S 17 (Shy0w)[80 =
" k=0
© K-
EﬂEﬂ-; Z Stk, )‘SO =S
(@) =
= EﬂE;rh Z Stk, )|So =S

T—
Z (S0 A0)ISo = 5| L Vi (),

t=0

(42)

where (a) is derived by definition of the high-level reward in
(T9); (b) is derived by definition of the optimal value function
in (23); (c) is a strict inequality due to the property of the max
operator and the assumption that (I) does not hold; (d) is
due to (38); (e) is because the policies fi and 7 superimpose
the optimal flat policy 7*; (f) is by definition of the value
function in (T3).

Finally, (42) implies that the flat policy created by su-
perimposing p* and 7. performs better than the optimal
policy 7* for the original MDP, which cannot be true by the
definition of 7*. Therefore, @2) contradicts to (33)), and we
have thus proved that (1)) holds. Moreover, if (@I} holds, (c)
in (@2) should be an equality. Notably, the first term in @2)
corresponds to the right-hand side of (33), while the last term
corresponds to its left-hand side, which means that @ in
Theorem [ holds.

O
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