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Abstract

Abstract

The integration of urban rail transit (URT) traction networks (TNs) with hybrid
energy storage systems (HESSs) has become technologically and socioeconomically
crucial to enabling highly efficient and convenient mass public transportation within
urban areas while promoting the carbon-neutral transformation of URTs. The spatial-
temporal uncertainties and complexities arising from passenger demand, urban traffic
congestion, widespread distribution, operational disturbances, etc. have imposed
significant challenges and limitations on the stable, efficient, sustainable, and intelligent
operations of the HESS-integrated URT TN, especially for those involving distributed
HESSs (DHESSSs).

This thesis reports using reinforcement learning (RL) as a machine-learning base
technique to develop three different levels of energy management and configuration
strategies for HESS-integrated URT TNs. These include: (1) a supervised RL-based
energy-efficient train trajectory optimization (SRL-EETTO) approach for automatic
train operation at the 1% (train) level, (2) a multi-task RL-based sizing and control
optimization (MTRL-SCO) approach for HESS-integrated traction substation
operation at the 2™ (substation) level, (3) a multi-task multi-agent RL-based multi-time
scale energy management (MTMARL-MTSEM) approach for DHESS-integrated TN
operation at the 3™ (network) level, and (4) a multi-task multi-agent RL-based
data-driven multi-objective configuration optimization (MTMARL-DDMOCO)
approach for furthering the DHESS-integrated TN operation at the 3™ (network) level.
The research background, problem formulation, approach establishment, and case study
verifications are also described for each energy management and configuration strategy.

At the 1% (train) level, the proposed SRL-EETTO approach is aimed to expand
the capability of automatic train operation systems in addressing the real-time
responsiveness and dynamic online challenges to state-of-the-art TTO approaches and

their associated safety, punctuality, and ride comfort issues. A real-time train control
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model under uncertain disturbances is formulated as a Markov decision process, and a
supervised twin-delayed deep deterministic policy gradient algorithm with improved
effectiveness is developed to solve the real-time train control model. Satisfactory
performances on reduced traction energy use and multiple evaluation indices are
verified for the proposed SRL-EETTO approach, and the optimal configuration of the
train trajectory set is investigated.

At the 2™ (substation) level, the proposed MTRL-SCO approach is intended to
enhance the coordinated operations of the supercapacitor—battery HESSs and their
integrated traction substations under dynamic spatial-temporal URT traffic. A dynamic
traffic model is devised to characterize the multi-train traction load uncertainty induced
by passenger flow fluctuations, real-time traffic regulations, and train parameters. An
MTRL algorithm based on a dueling double deep QO network with knowledge transfer
is presented to learn a generalized HESS control policy adapting to multiple train
service patterns by leveraging a shareable cross-task experience. Simulations have
validated the superior computational performance, sizing decisions, and control
behaviors of the proposed MTRL-SCO approach.

At the 3™ (network) level, the proposed MTMARL-MTSEM approach strives for
the economic and low-carbon operation of TNs integrating with photovoltaic—
regenerative braking (PV-RB) DHESSs. A two-stage stochastic scheduling is
performed on a long-time scale to minimize daily operation and carbon trading costs at
the upper level and correct day-ahead scheduling deviations against multi-source
uncertainties at the middle level. A real-time energy management algorithm based on
MTMARL is established to optimize PV-RB power flow and promote utilization
through decentralized coordination of DHESSs at the lower level. Representative daily
TN operation scenarios are selected to demonstrate the improved economic and low-
carbon benefits and PV-RB energy utilization of the proposed MTMARL-MTSEM

approach.

il
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Furthering the 3™ (network) level, the proposed MTMARL-DDMOCO approach
1s focused on promoting an optimal synergy between the economic and energy
efficiencies of the DHESS-integrated TN operation and the travel time of the passengers.
A multi-objective configuration optimization model considering the electrothermal
aging of batteries is formulated to optimize DHESS capacities and train operation
parameters based on the developed MTMARL-MTSEM approach. The non-dominated
sorting genetic algorithm is incorporated with ensemble learning-based load prediction
models to solve the multi-objective configuration optimization model in a data-driven
manner. The configuration decisions of the proposed MTMARL-DDMOCO approach

are analyzed thoroughly.
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Chapter 1

Chapter 1: Introduction

1.1 Research Background

With the rapid urbanization worldwide, urban rail transits (URTs), including
metros, light rails, etc. [1], play an increasingly essential role in mass public
transportation within densely-populated urban regions, leveraging their capability of
providing highly efficient and convenient transit services (Table 1.2). By the end of
2023, the total mileage of global URT lines has exceeded 43400 km, and by 2025, the
global URT passenger flow will reach a historical high of 954 billion person/km [2]. In
mainland China [3], 53 cities have operated URT lines with a total mileage of 9018 km,
and the number of carried passengers is 23750 billion. In Hong Kong, the mass transit
railway system shares 48% of the franchised transport boarding [4].

With the expansion of URT systems, their energy consumption issues have been
increasingly prominent. According to the latest survey [5], the total URT electricity
consumption of China exceeds 24977 GW, and the year-on-year increase is 9.59%.
Besides, the traction network (TN) energy consumption is 12934 GW, which is the most
important component among all energy uses of URTs. Driven by the pressing need to
mitigate energy shortages and global climate changes, many countries, including but
not limited to the US, China, and the EU, have formulated action plans to enhance clean
and diversified energy usage for the net-zero emission of URT and its TN operation [6].
In this regard, the utilization of renewable and train regenerative braking (RB) energy

to reduce TN energy consumption has received widespread concerns [7-9].
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1.1.1 Renewable Energy Utilization in Urban Rail Transits

Recent investigations [10—17] have revealed the large-scale renewable energy
potential of distributed photovoltaics (PVs) and wind turbines using existing URT
infrastructure such as trackside slopes, elevated station rooftops, and tunnels. So far,
while distributed wind turbine applications in URTs are at an initial stage, several
distributed PV demonstration projects have been applied in URTs, as illustrated in the
Table 1.1 and Fig. 1.1. However, most of the existing projects and studies were utilized
for non-traction energy supply such as HVAC and lightning. As TN energy consumption
accounts for 40-60% of the total URT energy consumption [18], it is crucial to realize

direct power supply from renewable resources to the TN in the near future [19-21].

(a) (b) (c)
Fig. 1.1 PV projects in (a) Maryland, (b) Shanghai, and (c) Inner Mongolia [21, 22].

Table 1.1 Typical URT and railway PV projects [21, 22].

Year Location Parameter Comment

2013 Beijing 60 kW First solar-powered station in China
2018 Shanghai 10 MW At vehicle base rooftops

2019 Singapore 1 MW At metro depot rooftops

First project for traction energy supply
2024 Inner Mongolia 0.38 MW
in China (high-speed rail)

2024 Maryland, USA 1.9 MW Under construction
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1.1.2 Regenerative Braking Energy Utilization in Urban Rail Transits

The RB energy is produced by converting train kinetic energy through traction
inverters during train braking. It is reported that over a third of the total train traction
energy can be converted to RB energy in some cases [23]. The main RB energy
utilization schemes include reversible substation, timetable optimization, and energy
storage system (ESS), as shown in Fig. 1.2.

The reversible substation enables the feedback of RB energy to the external AC
power grid. Currently, several available reversible substation systems have been
developed by Alstom [24], Siemens [25], and Ingeber [26], achieving 7-13% energy
saving. However, the impact of RB energy feedback and converter harmonics on the
power quality of the external grid needs to be fully considered and optimized.

Timetable optimization aims to extend the overlap time of one accelerating train
and another braking train in adjacent power supply sections so that more RB energy
can be directly absorbed by the accelerating train [27]. The reported energy saving can
up to 14% [7]. This scheme does not require additional equipment investment but must
be strictly subject to train operation requirements, such as punctuality constraints [28].
However, during off-peak hours or weekends, the utilization through timetable
optimization is lower because the overlap occurs less frequently.

Different from the above schemes which use RB energy immediately, the ESS
serves as a buffer hub to temporarily store and release RB energy when demanded.
Their reported energy savings can be up to 30% [7]. The ESSs can be divided into
onboard and wayside ESSs, where the onboard ESS is installed on the train, and the
wayside ESS is installed at the substation or trackside. Considering the installation

space and equipment weight, the wayside ESS has broader application perspectives [29].
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In addition, the wayside ESS can also perform multiple functions, such as voltage
regulation, substation peak load shaving, and power supply for non-railway energy use
(e.g., electric vehicle charging [30]). Compared with ESS with a single storage medium,
the state-of-the-art hybrid ESS (HESS) can leverage the advantages of multiple energy
storage mediums to achieve more efficient and flexible configuration. Considering the
improvements in renewable—RB energy utilization and the above operation benefits,
establishing and operating novel URT TNs with advanced energy storage (HESS) and
enabling technologies (e.g., artificial intelligence (AI) and smart sensors) to promote
clean energy utilization has become technologically and socioeconomically crucial for

achieving carbon-neutral transformation of URTs.

AC 10/35 kV AC10/35 kV AC 380V/10kV/35kV  AC 10/35 kV

(a) (b) (c)
Fig. 1.2 Renewable and RB energy utilization via (a) timetable optimization, (b)

reversible substation, and (c) energy storage (wayside).

1.1.3 Operation Challenges of Traction Networks with Hybrid

Energy Storage Systems

As illustrated in Table 1.2, compared with the high-speed rails, on the one hand,
URTs possess high-density train services and short distances between stations. On the
other hand, The real-time URT train operation is more vulnerable to unexpected

disturbances [31], including passenger flow uncertainty, pedestrian-vehicle conflict

4
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under mixed traffic (for light rails), urban traffic congestion, extreme weather, etc. For
instance, field tests on a Beijing subway line with an average train running time of 90—
195 s between stations indicated that the range of running time error could reach 15 s
[32]. In Dutch, the number of severe light rail accidents per kilometer traveled with
vulnerable road users are 12 times higher than those of cars [33]. These operation
characteristics have imposed unique challenges on URT TN with HESSs (Fig. 1.3).
Specifically, at the train level, frequent train acceleration-deceleration can lead to
remarkable train traction energy consumption and power fluctuations (exceeds 10 MW
in a few seconds [34]) in the URT TN. Moreover, while the related safety, delay, and
passenger satisfaction issues need to be addressed, the disturbances have also resulted
in substantial train load uncertainty. At the substation level, the stochastic volatility of
the train power and renewable generation has limited the efficient utilization of
renewable and RB energy via HESSs. Since most traction substations only allow
unidirectional energy flows from the external power grid to the TN, excessive
renewable and RB energy not utilized by nearby accelerating trains can cause the rise
of TN voltage, resulting in stability and thermal management issues [7]. In addition, the
possible temporal mismatch between tidal passenger demands and peak renewable
generations can undermine the cost-effectiveness brought by HESS installation. At the
network level, the geographically and temporally dispersed passenger flows, trains,
traction substations, HESSs, and renewable distributed generations (RDGs) have
resulted in highly dynamic and complex energy flows in the URT TN, exacerbating the
challenges at the train and substation levels. Moreover, with the application of multiple
sets of HESSs in URTs in the near future, the operation of distributed HESSs (DHESSs)

requires a thorough investigation to improve their overall application performances.
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Operation disturbances
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Fig. 1.3 Typical URT TN with HESSs.

In summary, the aforementioned spatial-temporal operation uncertainties and
complexities have put forward considerable demands on the stable, efficient,
sustainable, and intelligent operations of HESS-integrated TNs, especially for those
involving DHESSs. Based on the facts above, this thesis reports using reinforcement
learning (RL) [35] as a machine learning base technique to develop energy management
and configuration strategies for the optimal operation of HESS-integrated URT TN
from train, substation, and network levels. For the remaining sections, section 1.2

introduces the existing HESS structure and applications in URTs. Section 1.3 reviews
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RL principles and algorithms, followed by TN energy management and configuration
strategies, where RL applications are especially mentioned. Sections 1.4-1.6 illustrate

the technological challenges, research aim and objectives, and thesis outline,

respectively.
Table 1.2 Comparison between URTs and high-speed rails.
Item URT (Subway) URT (Light rail) High-speed rail
S 5 g E == - o
Right-of- =i,
way
Independent track Mixed traffic Independent track
Range Urban areas Urban areas Inter-cities
Speed <80 km/h <30 km/h 200-350 km/h
Station
<3 km <3 km 30-60 km
distance
Service 2-5 min 2-5 min
Very low
frequency (Peak hour) (Peak hour)

1.2 Hybrid Energy Storage Systems Applications in Urban

Rail Transits

ESSs have been applied to URT TNs for more than twenty years (Table 1.3), where
supercapacitors, batteries, and flywheels are common energy storage mediums.
Considering the satisfaction to the huge energy and power demand of the URT TNs and
the expensive investment and safety issues of flywheels, recent URTs has adopted
supercapacitor-battery-based HESSs to improve the application performance of ESSs.

The Enviline HESS of the ABB company has operated in the SEPTA subway system of
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Philadelphia, USA. In addition to the RB energy recovery function, it also provides
balancing services to the local electricity grid. In 2021, Enviline HESS was improved
to support 1500 V DC and has been applied to the Melbourne Metro [36]. In China, the

750 V DC HESS has been tested in the Beijing Subway in 2020 [37].

Table 1.3 Typical ESS applications in URTs [7, 36-38].

Year Type Location = Parameters Comment
2003 Supercapacitor Mannheim 1 kWh 30% energy saving
2003 Supercapacitor Madrid 2.3 kWh Voltage stabilization
2010 Li-ion Kobe 640 V Energy saving

Energy saving and voltage
2010 Supercapacitor ~ Daejeon 10.4 kWh
stabilization

Energy saving and balancing

2012 HESS Philadelphia 2.2 MW '

service
2015 Flywheel Los Angeles 2 MW 10-18% Energy saving
2020 HESS Beijing 1 MW 10-20% Energy saving
2021 HESS Melbourne  12.2 kWh Energy saving

As shown in Fig. 1.4, for a typical HESS in URTs, the battery and supercapacitor
modules are connected in parallel to the DC bus through bidirectional DC-DC
converters. Under the charge mode, switch S1 (e.g., IGBT) of both converters is off,
and the energy flows from the DC bus to the HESS. Under the discharge mode, switch
S2 of both converters is off, and the energy flows from the HESS to the DC bus. The
control structure of the HESS can be generally divided into four components: the
voltage threshold adjustment strategy, voltage control loop, power allocation strategy,
and current control loop (Fig. 1.5). The voltage adjustment strategy determines the

charge/discharge voltage threshold U and UP'S according to the current system status.
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Then, the voltage control loop compares the referential voltage to UM and UP'S, and
generates the referential power by proportional-integral control. Next, the power
allocation strategy determines the powers of supercapacitor and battery modules and
generates their referential currents. Finally, the current control loop controls the duty
ratios of switches (namely, on/off) based on the referential currents. Thus, voltage
threshold adjustment and power allocation strategies are the key components to realize

intelligent HESS control.
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Fig. 1.4 HESS working principles of (a) S2 on, (b) S2 off, (c) S1 on, and (d) S1 off.
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Fig. 1.5 Typical HESS control structure in URTs [37].
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1.3 Literature Review
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1.3.1.1 Reinforcement Learning Principles

RL (Fig. 1.6) is the third basic technique in machine learning, in addition to
supervised learning (SL) and unsupervised learning. The goal of RL is to learn a
sequential optimal policy (e.g., a control strategy) by continuous interaction with the
environment to maximize long-term returns. The RL can be model-free, which means
it can estimate the optimal policy based on the experiences gained from the repeated
interaction without prior knowledge of the environment model [35]. Compared with
conventional model-based optimization methods, the advantages of RL lie in the
following aspects: 1) RL avoids frequent execution of a complex optimization model
for each environment state. 2) While model-based methods rely on accurate prediction
data and exact modeling of uncertainty probability distributions, which are difficult to
obtain in practice and the solving process is time-consuming, RL enables adaptive
response to varying environment states without knowing these parameters.

The learner of RL is called an agent, and the agent-environment interaction process
is defined as a Markov decision process (MDP), which contains five components
<S VAR, P, 7/). s €& 1is the state of the environment, a .4 is the available action of

the agent, »eR is the instant reward when state s, transitions to s,,, attime step

t+l1
t, P is the state transition function, y is the discount factor that represents the
relative importance between current and future rewards. Besides, u is the policy,
which represents the probability of executing action g, atstate s,.The MDP assumes

the Markov property of all states, which means that the next state only depends on the

current state. Based on the MDP, the state-action value functions can be defined as

Q(Sna,)ZE#( iT:tj/(i_[)iﬂst,at), (1.1)

11
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where O(s,,q,) is the state-action value function (also known as the Q value), namely,
the expected return of executing action «, atstate s, following the policy .
Based on the Bellman function [39], the expected return Q° under optimal policy

7z~ (namely, the maximum cumulative discounted return) is

Q*(st,at)zEﬂ* (r[ +;/n;axQ*(sHl,aHl)j, (1.2)
where by definition, Q" is the objective of the MDP. Thus, x  can be derived by
¥ 1, a:argmaxQ*(st,a,), (1.3)
a | s, )= .
a ( 2 l) {0, Otherwise.

While the MDP well-defines the environmental interaction process of a single
agent, it is not suitable for considering the involvement of multiple agents with
cooperation and/or competition relationships. The multi-agent-environment interaction
process is described by the Markov game [40], which contains 6 components
<1 S, AR, P, 7> . I isthenumber ofagents, S isthe state set observed by all agents,
A, 1s the action set of agent i, R, 1is the reward received by agent i. The relationship
of agents can be cooperative, competitive, and mixed. In the cooperative setting, all
agents can share a common reward, and they can be regarded as one agent to enable the
single-agent RL algorithms. Another more general cooperative setting is to assign
different rewards to agents and consider a team-average reward. In the competitive
setting, it is essentially a zero-sum Markov game, where the reward of one agent is the
loss of the other, and the sum of agents’ rewards is zero. The Nash equilibrium will
yield a robust policy that optimizes the worst-case long-term return. In the mixed setting,
no clear constraint is imposed on agents.
1.3.1.2 Reinforcement Learning Algorithms

Initially, the classic Q learning algorithm was proposed for a fully observable

environment with discrete action space [41]. Then, RL was enhanced by integrating

12
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deep neural networks for value and/or policy representation, which makes it suitable
for handling high-dimensional complex decision-making problems.

Single-agent RL algorithms can be divided into value-based and policy-based
algorithms. The value-based RL aims to learn the value of states and Q functions, where
the deep QO network (DQN) [42] was the first attempt. In DQN, an experience reply
mechanism was used to store the agents environmental interaction data. At each

training step, the DQN updates the parameters by minimizing the loss

2
L= Erw~7z,sw~s,, [rw +ymaxQ, (sw+1,czw+1 ) -0, (Sw,aw )} , (1.4)

A+l

wo WP w+ls T

where data (s,,a,.,s,.,,,%,) are randomly extracted from the experience replay buffer.
0 is the deep neural network parameter. Based on DQN, various extensions were
developed to improve its performance [43—46].

Policy-based algorithms directly learn the optimal policy . For instance, in [47],
two networks (the actor and critic) were utilized to update the value function and policy
function parameter, respectively. In [48], parallel actor-environment interactions were
allowed, and asynchronous training was executed. In [49], the Kullback—Leibler
divergence constraint was applied to policy updates for training stability. In [50], a
truncated alternative objective function is used for simplifying the above method. In
[51], a deep deterministic policy gradient was proposed, which implemented a soft
update on target networks for training stability and added stochastic noises in the actor
for exploration efficiency. In [52], TD3 was proposed to improve the above method by
suggesting delaying policy updates for mitigating value overestimation.

For multi-agent environments, the initial attempt is to take other agents as part of
the environment and solve by single-agent algorithms [53]. Although satisfactory

performance can be achieved in practice, convergence is not theoretically guaranteed.
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According to the training paradigms, multi-agent RL algorithms can be divided into
distributed and centralized training algorithms. Distributed training assumes
information exchange between agents through communication networks to mitigate the
non-stationary training issue. Generally, the agents share network weights or gradients
(namely, parameter sharing) [54, 55]. For centralized training, it assumes a centralized
controller that can collect the joint states, actions, and rewards of all agents.
Considering the convenience of practical applications, extensive efforts have been
made on centralized training and decentralized execution architecture. In this regard,
the representative value-based multi-agent RL algorithms are VDN and QMIX [39, 56],
which learn a centralized Q value function. The representative policy-based algorithms
include COMA, MADDPG, and MATD3 [57-59], which utilize joint state and action
to train the centralized critic network.

Despite the impressive progress, RL training was less efficient in complex
environments with rich and dynamic data [60, 61]. To address this issue, one direction
is to utilize a combination of RL and SL (namely, supervised RL), which has been
explored in areas of recommendation systems [62], healthcare treatment [63—65], and
automatic driving/navigation [60, 66]. In [62—64], SL provides a supervision signal to
RL to learn a hybrid policy. Since RL may suffer from value overestimation, the
introduced supervision can be a counterbalance to avoid focusing on the long-term
return while sacrificing too much. In [60], supervised training data were utilized to
provide candidate action for RL agents. Moreover, in [65, 66], self-supervised learning
was implemented to generate extra rewards for RL calibration.

On the other hand, the complexity of the RL task can be reduced by decomposing

it into multiple components or subtasks. The multi-task RL aims to train a single and
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universal policy that can be applied to a set of tasks, where each task has a unique MDP.
In [67-69], the RL agent leverages shared knowledge between tasks. In [70], a well-
learned RL policy is utilized as a start point to be transferred to new tasks via transfer
learning. Besides, several multi-task learning techniques, such as gradient manipulation
[71, 72] and loss function weight adaption [73], were introduced into RL training
updates to address cross-task conflicts. Besides multi-task RL, another task-based
approach is curriculum RL [74], which trains on simple tasks and gradually increases
the task difficulty to improve learning efficiency. For instance, in [75, 76], curriculum
RL was implemented to generate energy-saving car-following strategies. In [77],
curriculum RL was utilized for energy management optimization of hybrid electric
vehicles.

In summary, as a novel sequential decision-making method, RL has the advantages
of being model-free and able to handle high-dimensional nonlinear objectives, which
has inspired this thesis to introduce it into the energy management and configuration of

HESS-integrated URT TNs.

1.3.2 Energy Management and Configuration Strategies

1.3.2.1 Energy Management Strategies

1) Train Level: Train-level energy management aims to realize energy-efficient
train driving, where the train trajectory is regulated automatically to minimize traction
energy consumption while ensuring other objectives, such as safety, punctuality, and
passenger satisfaction of services [8, 78]. In this regard, the onboard automatic train
operation (ATO) system is responsible for determining all train acceleration and braking

commands (namely, train trajectories) through rigorous computation [79].
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Various train trajectory optimization (TTO) methods have been developed for the
ATO operation, which can be categorized as analytical, numerical, heuristic, and RL-
based methods. The analytical methods [78, 80-84] are based on Pontryagin’s
maximum principle [85], where the optimal train trajectory was defined as a sequence
of optimal control regimes and their switching points. Although the theoretical optimal
solution can be guaranteed, finding such a solution can take substantial computational
time since real-world URT lines include special sections such as curves, slopes, and
tunnels. Numerical methods [86-91] (e.g., dynamic programming, pseudo-spectral
method, etc.) were proposed to find near-optimal solutions within feasible
computational time. Alternatively, heuristic methods [92-96] (e.g., genetic algorithm

(GA)) can provide solutions, but their theoretical optimality is not always guaranteed.
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Fig. 1.7 Example of RL-based TTO model design [97].

However, most studies assume train trajectories to be optimized and embedded on
the ATO in advance of real-time operation [98], which is insufficient to address real-

time train operation disturbances. Moreover, these disturbances and uncertain train
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parameters [90] bring considerable challenges to the URT system modeling and
forecasting. Compared with the above model-based TTO methods, the model-free RL
algorithms can effectively handle these uncertainties. In [97], RL is first introduced into
the TTO, where it was capable of adjusting trajectories dynamically between two
stations. They [32] further utilized Q learning to address discrete train forces and
uncertain delays, where the results show superior performance over MD and the
existing ATO system. In [99], RL was combined with the long short-term memory to
enhance its TTO performance. However, modern URT trains can output continuous
traction force, and the dynamic trajectory adjustment capability of trains within the full
running time range was not tested. In [100], RL was combined with expert knowledge
rules to solve the TTO and can deal with the continuous train traction force. In [101],
RL was combined with a reference system for proactive operation constraint handling.
However, the on-road accidents and the dynamic trajectory adjustment capability were
not considered in these works.

2) Substation Level: Based on non-real-time (historical and forecasting) load and
RDG data, various energy management strategies for traction substation with an ESS
have been proposed, which were mainly based on stochastic programming [30, 102],
robust optimization [103], model predictive control [104, 105], and heuristic methods
[106]. They are generally carried out on a time scale from minutes to days. Nevertheless,
the real-time uncertainty and volatility of the traction load, RB, RDG output, passenger
demands, etc., have not been addressed.

The real-time energy management strategies, alternatively, can be divided into
rule-based, optimal-control-based, and RL-based strategies. In terms of rule-based

strategies, the optimal operation rules can be either determined by tracking ESS state-
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of-energy (SoE) [107, 108] or comparing the TN voltage with its voltage thresholds [20,
109—-112]. Some recent studies have investigated dynamic threshold control to better
adapt to the URT TN operation characteristics [37, 113]. However, only [20] has taken
RDGs into account. Besides, these rule-based strategies are easy to implement but
heavily depend on intuition and experience. Considering the dynamic operation
environment of TNs, the optimal rules can be difficult to set. Regarding optimal-
control-based strategies, in [114] and [115], the optimal strategy was obtained by the
Euler-Lagrange equation and Lagrange multipliers, respectively. These methods can
handle a specific operation condition, while their adaptability to various train operation
conditions can be inadequate. In [116], dynamic programming was applied to minimize
the braking resistor loss. However, dynamic programming-based methods can suffer
from the curse of dimensionality. In [117], a hierarchical control strategy was proposed,
where a state machine was introduced in the energy management layer, and a multi-
objective optimization algorithm was proposed in the converter layer. In [118], a
comprehensive model integrating train control, substation output, and HESS was
developed, and a model predictive control framework was proposed to minimize energy
consumption. In [119], a bi-level multi-objective optimization was performed
considering substation operation stability based on particle swarm optimization with
compression factor. Nevertheless, their performance is affected by prediction accuracy.

So far, only a few studies have been presented on RL-based strategies. In [120],
DQN was utilized to adjust the voltage thresholds of a supercapacitor-based ESS for
energy saving and voltage stabilization. In [121], TD3 was adopted to allocate HESS
power with similar objectives. In [122], a parallel RL framework was established to

improve energy utilization efficiency with a fast convergence speed.
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3) Network Level: With the increasing integration of RDGs into URT TN, a few
recent studies have concerned the coordinated operation of multiple networked
substations with DHESSs. Similar to the substation level, some studies [123—126] have
formulated day-ahead and intraday scheduling plans based on non-real-time data. For
instance, in [123], the optimal operation of a TN with PVs, wind turbines,
supercapacitors, and batteries was formulated as a multi-period optimal power flow
problem and solved by nonlinear programming. For real-time strategies, in [127], a
novel optimization method based on GA was proposed to jointly consider the energy
management, location, and size of supercapacitor-based distributed ESSs for obtaining
optimal economic efficiency and voltage profile. In [128], a control strategy based on
energy transfer was proposed for peak power shaving. According to the load
characteristics of the URT TN, part of the RB energy absorbed by battery-based
distributed ESSs was transferred from off-peak hours to peak hours for release. In [129],
A dynamic priority-based power allocation strategy was developed to optimize the
DHESS operation, where the on-board supercapacitors were utilized to accommodate
the train traction energy demand, and the in-station batteries were responsible for
voltage stabilization. In [130], a multi-time scale coordinated energy management
strategy was proposed for supercapacitor-based distributed ESSs based on a genetic and
fuzzy algorithm. The simulations reported superior performance compared with
existing strategies using a single time scale. For RL-based strategies, in [131], a
decentralized multi-agent cooperative control algorithm was proposed for the
coordination of supercapacitor-based DHESSs. Nevertheless, these strategies were
performed without considering RDGs. In [132], a real-time control strategy under a

centralized control scheme was presented for a multi-source traction system integrating
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the conventional TN, PVs, wind turbines, and ESSs. The case studies reported an
energy-saving rate of 36% and a peak power reduction rate of 46%. In [133, 134], a
centralized-decentralized energy management framework was developed to address
multiple operation objectives of a mainline railway and was evaluated by a field test.

Furthermore, several real-time energy management strategies have been
developed for other electrified railways [135—138]. However, these approaches may not
be suitable for HESS-integrated URT TNs since the operation characteristics of URTs
(i.e., headway changes and passenger flow fluctuation) and their impacts on PV-RB
energy utilization require further consideration.
1.3.2.2 Configuration Strategies

In this subsection, the current status of existing research on the optimal
configuration strategies of HESS-integrated URT TNs in terms of the train trajectory
and ESS is introduced. Conventionally, each running section is equipped with 3-5
available train trajectories for the ATO system selection, where each trajectory makes a
trade-off between running time and energy consumption to different degrees [139-141].
Recently, considering the short distance between stations and the increasingly frequent
train services to address passenger demands, in [142, 143], a multi-objective particle
swarm optimization were performed to generate Pareto front of train trajectories for
more flexible train scheduling. In [144], considering the uncertainties in train operation,
a two-stage energy-efficient timetable design method was proposed to reduce train
delays based on an optimal running time-energy consumption solution set. In [145], a
preference dominance criterion was proposed to handle the train mass uncertainty, and
a set of performance-robust driving schemes can be obtained. However, these Pareto

solutions only consider energy saving and punctuality as the main objectives, while
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other factors, such as safety and riding comfort, need to be considered simultaneously.
So far, the optimal configuration strategies for ESSs primarily consider the impact
of their energy management strategies, TN topologies, and/or train service patterns [121,
146—150]. To name a few, In [146], the capacities of ESSs were determined by
predicting the maximum RB energy delivered to each substation. However, the power
and energy limits of an actual ESS were ignored, which can lead to practically infeasible
configuration solutions. In [149, 150], deterministic and stochastic programming were
performed to investigate the optimal configurations and energy management strategies
of the ESS jointly under different operation scenarios for a catenary-free tramline. In
fact, the energy flows of the TN are the result of the combined impacts of trains,
substations, and ESSs. Recently, some studies have investigated the joint optimization
of ESS and other TN parameters. In [151], the energy-efficient train timetable and
onboard ESS capacity allocation were jointly optimized, where each train was allowed
to carry an onboard ESS with different capacities. Although the RB energy utilization
shows a significant increase, the simplified physical model of the ESS (e.g., ignoring
ESS size and weight limits) undermines the effectiveness of the result. In [152], a
timetable optimization model considering ESS installation was proposed, where its
performance under several ESS configuration scenarios was compared. In [153],
another timetable optimization model with minimum time overlap was developed to
match the deceleration and acceleration time of trains with the ESS working properties.
The theoretical maximum RB energy was obtained, which can be a reference to set ESS
capacities. Nevertheless, the energy conversion loss, transmission loss, and the ESS
physical power limits were not considered in these studies. In [154], the ESS size, train

timetable, RB control parameter, and no-load voltage were synthetically optimized
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based on a multi-train operation simulator. However, the passenger flow fluctuations
were ignored.

Currently, the research on ESS configuration is primarily carried out without
considering the integration of RDGs. Besides, the optimal capacity allocation among
different energy sources and locations of DHESSs requires further investigation. More
importantly, the optimal synergy of the configuration strategy, energy management
strategy, and train operation parameters (e.g., RB control parameter and timetable) has

been crucial for the optimal planning and operation of HESS-integrated URT TNs.

1.4 Technological Challenges and Limitations

Compared with various model-based energy management and configuration
strategies, such as rule-based and optimal-control-based (including heuristic-based)
strategies, the RL-based strategies do not rely on accurate system modeling and
uncertainty predictions [79, 155] while generating end-to-end sequential decision-
making solutions for online applications instead of frequent execution of a complex
optimization model for each environment state. Leveraging these advantages, some
achievements of RL-based strategies have been made regarding the energy
management and configuration issues within the HESS-integrated URT TNs. However,
the spatial-temporal uncertainties and complexities of the URT TN operation
environment arising from passenger demand, urban traffic congestion, widespread
distribution, operational disturbances, etc., plus the pressing need for carbon-neutral
transformation have imposed significant challenges and limitations to existing RL-
based strategies in terms of the stable, efficient, sustainable, and intelligent operations

of the HESS-integrated URT TNss, especially for those involving DHESSs. Specifically:
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1)

2)

At the train level, due to the short running times between stations and frequent
disturbances in URTs, even short delays that last for several seconds can lead
to knock-on delays, resulting in extra traction energy use and decreased ride
comfort to guarantee punctuality. The insufficient capability of the ATO-based
technologies in terms of calculation and adjustment of energy-efficient
trajectories online in response to uncertain disturbances and adapting to
rescheduled trip times significantly limit their application prospects. Thus, it
is urgent to address the energy-efficient TTO (EETTO) and its associated
safety, punctuality, and ride-issues under real-time uncertain disturbances to
enhance the ATO performance. However, existing RL-based methods [32, 97,
99-101] only addressed one or several objectives in this regard, and therefore,
a more thorough consideration is needed. Besides, viable trajectory
configuration suggestions based on the EETTO are required for practical use.
At the substation level, regarding HESS-integrated URT TN operation, few
studies [119, 154] focused on both sizing and real-time control, while none of
the sizing strategies was incorporated with an RL-based energy management
strategy. Although several RL-based energy management strategies have been
employed [120—-122], they focused on learning individual strategies for each
specific train headway and/or train mass task. Considering the same TN
topology these tasks shared, it is beneficial to leverage shareable cross-task
experience to improve RL performance and data efficiency. In addition, the
joint optimization of voltage threshold adjustments and power allocations to
fully explore the flexibility in the HESS power regulation has not been

involved, substantially undermining its economic operation.
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3)

4)

At the network level, for DHESS-integrated URT TNs operation, besides the
above substation-level challenges, on a short time scale (within seconds), the
coordination of DHESSs for the optimal complementation of solar, RB, and
electricity energy and real-time uncertainties lacks a thorough investigation
[131, 138]. More importantly, it is necessary to adopt an adaptive and
decentralized DHESS control scheme to handle single-point failure,
communication burden, and scalability issues. On the other hand, on a long
time scale (sub-hourly or hourly), the daily train service pattern changes and
temporal mismatches between peak PV output and peak passenger demand
require optimal dispatches of DHESS outputs. Nevertheless, except for the
heuristic-based strategy in [130], the synergetic consideration of multiple time
scales has not been addressed.

In addition, existing works have not fully characterized the multi-source
operation uncertainties of HESS-integrated URT TN, e.g., only a few studies
[148, 156, 157] partially considered the impacts of passenger flows, delays,
and/or temporary traffic regulations on the HESS and/or DHESS control.
Moreover, the spatial-temporal uncertainties and correlations of dispersed PVs
and passenger demands have strengthened the complexity of the energy

management and configuration problem.

1.5 Research Aim and Objectives

The aim of this thesis is to develop RL-based energy management and

configuration strategies for HESS-integrated URT TNs, targeting three different levels
of automatic train operation, HESS-integrated traction substation operation, and

DHESS-integrated TN operation. In detail, it includes the following objectives:
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1)

2)

3)

4)

At the 1% (train) level, developing a supervised RL-based energy-efficient
train trajectory optimization (SRL-EETTO) approach to expand the ATO
system capability in addressing the real-time responsiveness and dynamic
online challenges to energy-efficient TTO and its associated safety, punctuality,
and ride comfort issues.

At the 2" (substation) level, proposing a multi-task RL-based sizing and
control optimization (MTRL-SCO) approach to enhance the coordinated
operations of HESSs and their integrated traction substations under dynamic
spatial-temporal traffic of URTs.

At the 3" (network) level, presenting a multi-task multi-agent RL-based
multi-time scale energy management (MTMARL-MTSEM) approach to
promote the economic and low-carbon operation of DHESS-integrated TNs
considering operation uncertainties of URTs and RDGs.

Furthering the 3" (network) level, extending a multi-task multi-agent RL-
based data-driven multi-objective configuration optimization (MTMARL-
DDMOCO) approach to improve the synergy between the economic and
energy efficiencies of DHESS-integrated TN operation and the travel time of

the passengers.

1.6 Thesis Outline

This thesis presents the work on RL-based energy management and configuration

for URT TNs with HESSs as follows.

Chapter 1 introduces the research background and significance, followed by

literature reviews of RL algorithms, typical energy saving and emission reduction

measures, energy management strategies, and configuration strategies. Then, the rest of
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this chapter analyzes the technological challenges of existing studies and summarizes
the research aim and objectives of this thesis.

Chapter 2 begins with the formulation of the train control model considering real-
time train operation disturbances. Then, the proposed SRL-EETTO approach is
presented with MDP formulation for model design, followed by developing a
supervised twin-delayed deep deterministic policy gradient algorithm for model
training. Finally, case studies are investigated for model verification.

Chapter 3 illustrates the structure and modeling of HESS-integrated traction
substations in TNs, followed by the formulation of the HESS sizing and control
optimization model and the analysis of HESS control parameters and URT operation
uncertainties on the operation cost and RB energy utilization. Then, the proposed
MTRL-SCO approach is developed with the formulation of the dynamic traffic model,
the multi-task MDP, and a novel KT-D3QN algorithm. Finally, the effectiveness of the
proposed MTRL-SCO approach is validated.

Chapter 4 starts with the structure and modeling of DHESS-integrated TNs. Then,
the tri-level framework of the proposed MTMARL-MTSEM approach is formulated,
including a two-stage stochastic scheduling model at the upper and middle levels and a
real-time energy management algorithm at the lower level. Representative daily TN
operation scenarios are selected to demonstrate the performance of the proposed
MTMARL-MTSEM approach.

Chapter 5 states the formulation of the multi-objective optimization model
considering the electrothermal aging of batteries. Then, the proposed MTMARL-
DDMOCO approach is presented, consisting of the ensemble-learning-based load

prediction modeling and the data-driven implementation of the non-dominated sorting
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genetic algorithm based on the developed MTMARL-MTSEM approach. Finally, the

configuration decisions of the proposed MTMARL-DDMOCO approach are analyzed

thoroughly.

Chapter 6 concludes the major findings of this thesis and indicates the future

directions of the following works.
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Fig. 1.8 Thesis outline.
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Chapter 2: Energy-Efficient Train Trajectory Optimization

for Automatic Train Operation Based on Supervised

Reinforcement Learning

Nomenclature in this chapter

A. Supervised Reinforcement Learning Elements

a,a

B

DP

J T, I,

gaigc
A, R,S,P
9.9

0,60

Actions of agent and target agent

Replay buffer

Delayed policy update frequency

Weighted actor loss, actor loss, supervision loss, and critic loss

Expected return and its value when r, =7,

Reward, goal-state reward, and reward per time ¢

Coefticients of 7,
Agent state, supervisor state, and goal state

Weight coefficient of supervision loss
Optimal agent policy, agent policy, and supervisor policy
Discount factor

Soft update rate
Learning rates of actor and critic networks
Sets of actions, rewards, states, and transitions

Parameters of actor and target actor networks

Parameters of critic and target critic networks
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B. Indices
ie{l,2,---, 1}
me{l,2,---,M}
wefl,2,--- W}

C. Time Scales

t, T

D. Variables

TOT
M™

Rb’Rl’Rc’Rt

{d _bd gdo_ gdo

TACT , TPL , TRTTR

ACT
X, X

c (§

Xd

TU
X

SA

aR

E. Parameters

ACC  DCC
Qim > Aim
DCC
aeb

Index of stations or traction substations
Index of supervisors

Index of transitions sampled from replay buffer

Current time step and time horizon on a short time scale for real-

time train and HESS control (e.g., sub-minutely)

Train acceleration (m/s*), speed (m/s), and position (m)
Disturbances before departure and during operation (s)
Traction or braking force of the train (N)

Total train mass (kg)

Basic, line, curve, and tunnel resistances (N)

Running time changes and their distributions caused by
disturbances D™ and D® (s)

Actual, planned, and rescheduled running times (s)

Actual and planned end positions where the train stops (m)
Position where the train receives rescheduling notifications (m)
Length of tunnel (m)

Slope angle (°)

Curve radius (m)

Train acceleration and deceleration limits (m/s®)

Minimum deceleration for emergency train braking (m/s?)
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C,Cy,Cq

1,1 .,1,1,,1

vIipdrttdrtedtc

T; E, Clim s plim

lim > ~lim *

TR
Vlim

Sr

Ax

Train acceleration or deceleration constraints according to expert
knowledge rules (m/s?)

Coefficients of the Davis formula

Evaluation Indices for on-road speed limit violation (times),
stopping accuracy (m), punctuality (s), energy saving (J/(km-kg)),
and ride comfort (m/s*)

Tolerances for punctuality (s), energy saving (J/(km-kg)), ride
comfort (m/s’), and stopping accuracy (m)

On-road speed limits (m/s)

Train rotating mass factor (kg-m?)

Safe braking distance (m)

2.1 Background

Nowadays, scholars have investigated various energy-efficient train trajectory

optimization (EETTO) methods for enhancing automatic train operation (ATO) system

performances (literature reviews in section 1.3). Nevertheless, the EETTO and its

associated ride-comfort, punctuality, and safety issues under uncertain disturbances and

rescheduled trip times in modern urban rail transits (URTs) require comprehensive

consideration (train-level challenges in section 1.4). Therefore, this chapter focuses on

developing a three-step supervised reinforcement learning-based energy-efficient train

trajectory optimization (SRL-EETTO) approach for intelligent automatic train

operation (iATO) by hybrid-integrating reinforcement learning (RL) and supervised

learning (SL) at the 1% (train) level. Specifically, the main contributions of this chapter

are outlined as follows:
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*  The real-time train control model under uncertain disturbances is formulated
as a Markov Decision Process (MDP). A binary function-based goal-directed
reward design method is proposed to systematically integrate multiple real-
time train operation objectives associated with energy saving, ride comfort,
punctuality, and safety into the MDP. A fine-tuning process based on bilinear
programming is used to correct RL reward parameters toward optimal states.

* A two-step supervisor-actor-critic (SAC) architecture based on a supervised
twin-delayed deep deterministic policy gradient (S-TD3) is devised to
generate optimal train trajectories online. While the first step develops
multiple EETTO models to obtain optimal fixed-time train trajectories, the
second step improves model generalization capability within the practical
running time range by simultaneously optimizing traction energy efficiency
and learning supervisory actions from pre-trained EETTO models.

Finally, simulations are implemented to validate the effectiveness of the SRL—
EETTO. Section 2.2 states the problem formulation, including the illustration of the
real-time train operation process and the train control model. Section 2.3 illustrates the
SRL-EETTO approach, including an overview of the optimization process and EETTO
model design, training, and verification. Section 2.4 reports case studies and their

results. Section 2.5 gives the summary.

2.2  Problem Formulation
2.2.1 Automatic Train Operation Principle

The ATO system operates under an advanced onboard automatic train control

(ATC) system, and the ATC system is responsible for regulating the train operation
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according to one or several referential train trajectories and fulfilling specific
operational requirements such as safety and punctuality. Besides the ATO system, a
typical ATC system [12] also consists of an automatic train protection (ATP) system

and an automatic train supervision (ATS) system (Fig. 2.1).

Train
=
l A2 12
Onboard
Traction Service Emergency
brake brake
[ I ] 4
\ 4
Train speed

Wayside |

Fig. 2.1 ATC system realization.

The primary function of the ATP system is to prevent train accidents by
automatically monitoring and controlling the trains speed and movement according to
the safety speed profile and the safe operating distance between the trains. The ATS
system is responsible for train schedule creation and updates, automatic routing
optimization, operation data collection and analysis, and train status supervision. The
ATO system calculates the optimal referential train trajectories according to the
predetermined timetable and line data.

Fig. 2.2 illustrates the real-time train operation process. The planned running times

between stations are denoted as 7,y , ..., T\, ..., T;';,. When disturbances occur,

the train timetable can be rescheduled, where the planned trip time 7%, between

i,i+1
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RTTR
T

RTTR
ii+l T;

station 7 and i+1 can be changed to in real-time. Based on T;;, ", the train

trajectory can be re-optimized by the ATO. Correspondingly, the actual running times

canbedenotedas 75", ..., TS, ..., T[] . From the fact above, finding the optimal

train trajectories online is crucial to the ATO system operation.
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Fig. 2.2 Real-time train operation process.

2.2.2 Train Control Model

Generally, the train motion equation is written as

MTOTngTR (xTR ) dvTRd(xxTR) _ ™8 (VTR )= R, (VTR )— R, (xTR ), (2.1)
dr(x™) B 1 (2.2)

dx™® - VTR(xTR)’
where x™ is the train position, M'°" is the total mass of the train, F'™®(v'*) is the
traction or braking force, R (x'") is the line resistance at position x™, R (v'") is
the basic resistance at speed v™, v™®(x™) is the train speed at x™, #(x™) is the
time at position x'%, & is the rotating mass factor,.
F™ ™) is bounded by the maximum traction and braking forces. In reality, the

maximum traction force is not a constant but a function of the speed v'® . According

to [98], nonlinear functions of a group of hyperbolic or parabolic formulas can be used

33



Chapter 2

to approximate the maximum traction force. For maximum braking force, due to safety
concerns, it is only reserved for an emergency stop. Thus, the maximum braking force
in this chapter is considered a constant that is much smaller than the actual maximum
braking force.

The basic resistance R, (v'") is a quadratic function of speed, where ¢, c,,and

¢, are the coefficients of train characteristics. R, (v') can be described as [158]
2
R(v™)=¢ +cv™ +ay (VTR) . (2.3)

The line resistance R,(x'®) includes the resistance introduced by slopes, curves,
and tunnels on the track, which is formulated as
R(x™) =M™ gsin(a@®* (x™ )+ R (a® (™) + R (x"V v, (2.4)

where g is the gravity acceleration, o (x™) is the slope angle at position x™

2

R.(a®(x™)) is the curve resistance when the radius of the curve at x™ is "

2

TU

R, (x",v™) is the tunnel resistance, x™ is the length of the tunnel.

The empirical curve resistance formula [158] is given as follows

TOT
stT”—R, a® (x")=300m,
R, TR a (x")=55
R.(a® (x™)) = (2.5)
491M ™" R, TR
m, (24 (X )<300m

For tunnel resistance, if the tunnel exists a limiting gradient, namely, the maximum
gradient that can be climbed without the help of a second power unit, R (x'",v™) is
calculated by [98, 158]

R (x™ v™®)=1.296x10"x"" M T g(v™*)?, (2.6)

If the tunnel has no limiting gradient,

R (x" v™®)=13x107x""M ™ g 2.7
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The train operation is subject to the following constraints,

asC <a™(x™) <apsc, vx™ €[0,x,], (2.8)
VIR <R, wa™ €[0,x, ], (2.9)
vIR0)=0,v"®(x,)=0,£(0)=0,| T™ - T*" < T, (2.10)

DCC

where o™ (x™) 1is the acceleration at position x™ , ¢ and g/ ¢

im - are the
deceleration and acceleration limits, respectively, v;: is the on-road speed limit, x,
is the end position where the train stops, 7;,, is the punctuality tolerance (maximum

allowed trip time error), |7 —T4°T |

is the absolute difference between the planned
running time and the actual running time (trip time error), 72" =1(x,).

We use D® and D™ to denote rescheduling commands or disturbances
during operation and before departure, respectively. The uncertain trip time changes

caused by D® and D™ are definedas % and ¢}, respectively. Suppose the train
y d d p y. Supp

receives notifications of the rescheduled command at position x,; €[0,x,),

b

TPL _gbd  gbd _bd e pybd
TRITR _ N io :0 o mgo Vxe[xg ], (2.11)

| TRTTR AT | 778 — (72T 4224 or TACT +£{°) < T, (2.12)

m?

where 7% and 7" are the time error distribution of D% and D", respectively.

2.3 SRL-EETTO Approach
2.3.1 Approach Overview

To optimize the train trajectory online, an SRL-EETTO approach is proposed,
which contains three steps: the model design, training, and verification steps (Fig. 2.3).
At the model design step, the essential elements of the SRL environment are designed.

First, the train operation features, including train operation states and constraints, are
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extracted, and multiple operation objectives (energy saving, ride comfort, punctuality,
and safety) are formulated to establish evaluation indices for optimal train trajectory.
Then, the SRL elements (state, action, and reward) are defined based on the train

operation states and the evaluation indices.

= Model Design

Action

EETTO model

= Model Verification

Speedt

. ])i.stance
* Decision points

Fig. 2.3 Overview of SRL-EETTO.

At the model training step, the SAC architecture is adopted and a two-step training
is implemented (Algorithm 2.1 and Algorithm 2.2). First, multiple EETTO models are
pre-trained through the standard agent-environment interactions to serve as supervisors.

These supervisors are pre-trained without using human driving data or ATO reference
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trajectories, which avoids the prior data collection process. Besides, each supervisor
has a fixed but different planned running time 7*" within the practical running time
range. This is to generate multiple optimal train trajectories on different planned trip
times for agent learning to improve its generalization capability on disturbances or
rescheduled trip times. Then, for the second step, an intelligent agent is trained under
the supervision of supervisors.

At the model verification step, the well-trained agent, namely the EETTO model,
is tested by various cases that simulate real-world situations to verify its model

performance and illustrate its practical usage.

2.3.2 Model Design

2.3.2.1 Operation States, Constraints, & Evaluation Indices

According to the train operation states, such as the train position, speed, reserved
trip time [159], and acceleration, the real-time train acceleration (deceleration)
constraints » can be calculated using (2.8)—~(2.12). Besides, to ensure safety and
reduce the complexity of the problem, the following rules derived from expert

knowledge of experienced drivers and ATOs are added: 1) A safe braking distance

Ax=—v_/ (ZaZ,CC) is defined. Once the distance between the current train position

x™ and the next station is less or equal to Ax, the train must decelerate in a constant

a™ for emergency brakes. a5 =-1m/s? [100]. 2) a™ =0 whenever the speed of
the train reaches 95% of the speed limit.

The optimal train trajectory generated by the proposed approach should be
evaluated in various aspects, including safety (on-road speed limit restriction and

stopping accuracy), punctuality, energy saving, and ride comfort. Correspondingly,
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indices 7,, I,, I,, I,,and 7, are formulated[79, 100]

P ¢t

FEE L S (2.13)

" |0, Otherwise,
1,9x, _x:sCT , (2.14)
I, =| TR —7ACT ) (2.15)

1 Ye ~TB,. TR

I, :MTOTXACT Io F(v )y, (2.16)

TR TR
TRTTR | da |dt, | d(l |> 03 m/S3, (217)

1.=], de de
0, Otherwise,
where x“‘T is the actual distance between stations.

(]

The key elements of the MDP are formulated as follows to implement SRL.
2.3.2.2 State & Action

For the agent, its state s contains train position, speed, and reserved trip time.
For supervisors, their state s° only contains train position and speed. This is because
they do not need to observe 7™ since it is fixed. The initial state is defined as
s, =[0,0,7""] and sj=[0,0]. Action « is the acceleration of the train, where the

action space is bounded by the acceleration and deceleration limits.

s, =[x/} VT -1, (2.18)
st =[x %, v, (2.19)
a,=a~. (2.20)

2.3.2.3 Reward
Following the goal-directed reward design method based on the binary function
[160], the rewards can be classified into goal-state rewards 7, (namely, for this paper,

final-state rewards) and rewards per step

r:{rg, Sie1 = 8y (2.21)

r,, Otherwise,

0
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where s, is the goal state (final state).

Thus, the expected return Q" (s,a) becomes a constant ¢, when Ty =T,

-y (2.22)

~

T
Qoo: }/tilroo:roo ~ .
;1 -y 1-y

If r,>Q,, the final-state rewards are more attractive than rewards in other states,
leading the agent to the final state. Besides, 7, and ,, must be non-negative to
encourage the agent to move from the current state to the next state. Thus, the
relationship between 7, and »r, is established as

= >0, (2.23)

Thus, according to (2.23), we design different types of rewards following the

binary reward function form to reflect various real-world objectives. Table 2.1

illustrates the designed rewards.

Table 2.1 Rewards.

Item T .
- +350 +2.5
Speed limit - -1,
. rT]tﬂ ]tzj—{im’ :
-0.5,if 1 >T.
Punctuality {+ 50, Otherwise, ¢ 2 Liim

Stopping accuracy  -{,,1f 1,2R,, -
Energy saving red, -0.5,if 1,>E,,

Ride comfort redo 11 ax -0.5,if 1,>Cy,

For ,_ , the ride comfort, energy, on-road speed limits, and punctuality are
considered. These rewards in » can give immediate feedback at every step to
accelerate training. Specifically, 1) For speed limits, on the one hand, the agent should
follow all speed limits; on the other hand, the agent should not stop before its arrival;

39



Chapter 2

the agent gets a negative reward for every time step it breaks the above rules; since
safety is the basic operation requirement and most important objective, the penalty
weights are higher than other objectives. 2) For punctuality, the agent gets a negative
reward for every time step its punctuality performance is worse than the tolerance 7;,_;

T

lim

is set to be 3 s [100]. 3) For energy saving, the agent gets a negative reward for

every time step its energy-saving performance is worse than the tolerance E

lim

E lim
is set to be equal to the practical energy consumption of the same line since we expect
better energy saving in agent performance than in practice. 4) For ride comfort, the
agent gets a negative reward for every time step its ride comfort performance is worse

than the tolerance C issettobe 0.3 g/s[161]. 5) A bias term is added to ensure

lim

Clim
the non-negative nature of .
For r,, we design rewards for ride comfort, energy, punctuality, and stopping

accuracy. The stopping accuracy tolerance p, . is set to be 0.3 m [162]. The upper

bound is zero for all 7, coefficients since we aim to minimize these reward terms.

Derived from (2.23), the lower bound is derived from the following equation that all

coefficients must satisfy

1
rg,max +rT1t +rE]e + rC < _Ip :rg,max >roo /(1_7)- (224)

c,max

1, can be ignored if the maximum time step 7 is sufficiently large that the train

position differences between each step is small. Therefore, (2.24) can be rewritten as

max 7y, g, 7 (2.25)
st (2.24),
0<7,. <1, .. T <[, <T™0<I,<E,,

rp <0,15 <0,7. <0,

where I

c,max

is a sufficiently large value to consider the worst ride comfort case

daTR

(1

>0.3m/s’). Since these coefficients of various » terms have a significant
. g
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impact on model performance, a fine-tuning process is carried out to optimize their

values. The results are illustrated in subsection 2.4.2.

2.3.3 Model Training and Verification

2.3.3.1 Training process

The model training architecture is shown in Fig. 2.4, where a two-step training
process is implemented. At the pre-training step, each supervisor is trained with a fixed
but different 7" within the practical running time range. This range is determined by
calculating the minimum and maximum planned trip time 7™ and 7™ of the
trip. The calculation of 7°=™" and 7"™* can be referred to [163], where 7°-™ is
based on the assumption that the lowest average running speed of 40 km/h offered to
passengers. 7", T,%, ..., T.- for supervisor 1, 2, ..., M are uniformly
sampled from 7°™" to 7P-™* The TD3 algorithm with prioritized experience
replay [44] is used to train supervisors.

At the agent training step, an improved TD3 algorithm, S-TD3, which is suitable
for training the agent under the SAC architecture, is proposed. Similar to TD3, the actor
network outputs action a based on its policy s, which is updated according to the
O value, and two critic networks are adopted to estimate the O value. However, in
S-TD3, multiple supervisor networks are added to calculate the supervision loss,

namely, the differences between the supervisors policy ,(s) and the agents policy

u(s) , to guide the actors action. Besides, different from TD3, the SRL training

environment randomly assigns 7" value for each episode, and the training data are
stored separately in several independent buffers according to 7°". Each supervisor
samples data from its own buffer while the actor receives data from all buffers. In this

manner, the supervisor avoids providing inappropriate supervisory information, and the
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actor can receive all supervisory information. The detailed training procedures are

shown in Algorithm 2.1 and Algorithm 2.2.

‘Train operation!

Station i+1 Station /

—» Parameters
---» Update

Station 1  Station i

(S\I" al\" SH'+| > },\

(SW \(» .

b.b

w2 = w+l 2

Actions

Critic 2

Sw+l 5
y 0

Critictarget 1 5 ~Critictarget 2
Q{'(S\Ml’au)‘ 05, (8,4154,,

Q()l (5,,a,)

e aee®m S ® ST """'-.~‘

Supervisor M

Supervisor 1 Supervisor 2

Fig. 2.4 SAC training architecture.

2.3.3.2 Loss Update of Actor Without Supervisor

To find the optimal agent’s policy ", the loss function of the actor can be updated

by taking the gradient of the expected return
(2.26)

V¢Ja (9)= ESWNSﬂ |:VaQ0 (s,-4,,) |aw:ﬂ¢(s) V¢ﬂ¢ (SW)}
P P+3.V . (9), (2.27)

where J, istheloss of the actor. & 1is the parameter of critic, &, is the learning rate

of the actor. It is worth noting that the policy update of the actor is delayed by a rate DP
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to let the critic have a better estimation of Q.
2.3.3.3 Loss Update of Actor with Supervisor
With the supervisor, the loss update of the actor is modified to include the

supervision loss by

Vil ()= (1=a)V ], ($) +aV 1 J,(P), (2.28)
J (@)= 2B, s, | tam(5.) = (5,0 | (229)
P9+ 3o (), (2.30)

where J’ is the revised loss of the actor, s, is the supervision loss, «, €[0,1]

represents the trade-off between RL and SL contribution.
2.3.3.4 Loss Update of Critic

The update of the critic is by minimizing the critic loss (Q loss)
J O =E, z,, s [Q(s,a,)= ], (231)
0« 0+EV,J.(0), (2.32)
where J_ isthe critic loss, y is calculated by the target critic. & 1is the learning rate
of the critic.
2.3.3.5 Target Network
In S-TD3, there are two target critic networks and one target actor network. For

the target critics, by take the minimum @ value of both networks, the O value
overestimation issue can be mitigated.

y=r(s,.a,)+ymnQy (s,,,.4,) \aw=(,,¢,(sw+1)+clip(x\/>) > (2.33)
where &' isthe parameter of the target critic, & is the action taken by the target actor,

#y 18 the policy of the target actor. A target policy smoothing is implemented by adding

a small stochastic noise to the target actor to mitigate overfitting.
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Algorithm 2.1 Pre-Training

1 Initialize actor x4, andcritic Q,, O, withrandom weights ¢, 6, and
6, . Initialize target networks ¢', ¢/, and ¢, with weights ¢« ¢,
6, < 6,,and @, « o, . Initialize replay buffer B.

2 For episode = 1, Max do

3 Receive the initial observation s,

4 Fortr=1, Tdo

5 Select a, ~ u;(s))+ N, clip(a,,—b,.b,), €xecute g, and observe 7,
Spel o bz+1

6 Store transition (s,,a,,s,,,,7.b,,b,,,,done) to B

7 Sample W random transitions from B

8 Select a,, ~ py(s,,.)+ N, clip(d,,—by11:b,1)

? 91,2 <~ argminﬁl,z W_IZ(y - Q9|2 (Sw’aw))2 ’ update 91,2 by (232)

10 If t mod DP then

11 Update ¢ by (2.26)-(2.27)

12 0«10, +(1-1)0,0;, <10, +(1-7)0;, ¢' < 1p+(1—7)¢'

Target networks are updated at regular intervals z to enable more stable learning

(soft update), namely,
0«10, +(1-1)0,,0, « 10, + 1=1)0,, ¢ <« rp+(1—1)¢ . (2.34)

2.3.3.6 Verification process

For practical application purposes, the proposed EETTO model can be deployed
on the onboard ATO system. Prior to the real-time operation, the train and line data
were loaded into the ATO system. Then, the proposed model generated multiple
referential train trajectories according to the running time ranges and train parameters.

In real-time operation, with the received information from onboard and external sensors,
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other trains, and control centers (the process can be referred to Fig. 2.1), the proposed
model can dynamically adjust the referential train trajectories online to address

uncertain disturbances and rescheduled trip times.

Algorithm 2.2 S-TD3

1 Initialize actor Ky and critic Oy > 0O, , target networks ¢', 6/,and @,
and replay buffers B,, B,,..., B, .Load g, #y,,.... Hyy

2 For episode = I, Max do

3 Receive the initial observation s, and s,°
4 Fort=1, Tdo
5 Select a, ~ uy(s)+ N, clip(q,,—b,.b,), €xecute g, and observe 7,
Sii1 0 bt+1
6 Store transition (s,,a,,s,,,,7,.b,,b,,,,done) t0 B/, B,,..., B,
7 Sample W random transitions fromB,, B,,..., B,, equally
8 SeleCt &w ~ :u¢' (Sw+l) + N ’ Clip(dw’_bwﬂﬂbwﬂ)
9 0, < arg miné,]’2 W_IZ(y —Qé,]‘2 (s,a,))’ , update 6,, by (2.32)
10 If £ mod DP then
11 Update ¢ by (2.26) and (2.28)-(2.30)
12 O 10, +(1-1)8/,0; <160, +(1-1)0;, ¢« 1p+(1—7)¢'
\

2.4 Case Study

In this section, the numerical analysis of the aforementioned formulations and
algorithms is conducted. First, the optimal selection of reward coefficients is
demonstrated based on the proposed evaluation indices. In addition, the performance
of SRL-EETTO is investigated by comparing it with state-of-the-art EETTO

algorithms under various operation scenarios, including normal operations, uncertain
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disturbances, uncertain train masses, and uncertain resistances. Finally, the impact of

supervision weights on the generalization capability is investigated.

Table 2.2 Speed limits and gradients of the training section.

Item Segment (km) Value Segment(km) Value
[0,0.31] 50 (0.64, 1.32] 65
Speed limits (km/h)
(0.31, 0.64] 80 (1.32,2.63] 80
[0, 0.02] 0 (1.15, 1.55] -3
(0.02, 0.34] 2 (1.55,2.06] 8
Gradients (%o)
(0.34, 0.65] 3 (2.06, 2.63] -3
(0.65,1.15] -104 - -
Table 2.3 Train timetable.
Arrival  Dwell  Mileage Arrival  Dwell  Mileage
Station Station
time (s) time (s) (m) time (s) time (s) (m)
SJZ 0 30 0 RJ 1112 30 12065
XC 220 30 2631 RC 1246 30 13419
XHM 358 30 3906 TIN 1440 30 15757
IG 545 30 6272 JH 1620 30 18022
YZQ 710 30 8254 CQN 1790 35 20108
WHY 835 30 9274 CQ 1927 45 21394
WY 979 30 10785 YZ 2087 - 22728

2.4.1 Setup

In this subsection, the setup of the case study is illustrated. The simulation data of
the infrastructure, train, and line conditions are from an in-service subway line in
Beijing containing 13 sections (14 stations) and a total length of 22.73 km. However,

the curve and tunnel data are not available. Considering that these data can vary greatly
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due to weather conditions, we ignore the curve and tunnel resistance terms in (2.4) but
verify the model performance under resistance uncertainty in the following subsection
instead. The model is trained on section SJZ-XC, where the section length is 2.63 km.
Then, the evaluation is conducted on the entire subway line. The gradient profile and
speed limits of the line can be found in [ 164] and Table 2.2. The train timetable is shown
in Table 2.3. The train parameters are shown in Table 2.4. We set £, =162 J/(km-kg)

based on practical and simulation data [139] of the same training section.

Table 2.4 Train parameters.

Parameter Value

310, vIR <36 km/h

Maximum traction force (kN) R R
310-20x(v™® —36), 36<v™ <80 km/h

. . 2
Basic resistance force (kN) 3.48+0.144v™ + 0.0085(VTR )

Train mass (kg) 2x10°

Table 2.5 SRL-EETTO parameters.

Parameter Value Parameter Value
Se 10 M 5
Sa 107 a, 0.99
T 5x10™ Optimizer Adam
w 128 Buffer capacity 220
4 0.99  Exploration policy A(0,0.2), clip to (-0.5,0.5)

The parameters of the SRL-EETTO are listed in Table 2.5, which are suitable for
both supervisor pre-training and agent training steps. For the supervisor, both actor and
critic have 256, 256, 128, 64, and 64 units for hidden layers. For the agent, both the
actor and critic have 400, 300, 200, 100, and 64 units for hidden layers. Each of the
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hidden layers is followed by Relu non-linearity. The output layer of the actor is followed
by a Tanh non-linearity, while the output layer of the critic does not have any activation
function. The target networks have the same structure as the corresponding actor or
critic. The inputs are normalized for all networks. » 1is set as 0.99 to fully account for
the consideration of S-TD3 for future rewards. Besides, in order to make a trade-off
between exploration and exploitation, the exploration noise is subject to a normal
distribution A/(0,0.2) and then clipped to the range (-0.5,0.5). The learning rate for
the actor and the critic is 10~ and 10, respectively. The fine-tuning is carried out on
Gurobi 9.5.2, and the SRL training is on Python 3.9.13 with PyTorch 1.12.1. The PC
used for the computation has an Intel Core 17-12700KF processor at 3.61 GHz with

32 GB memory and an RTX3070.

Table 2.6 Model performance with different coefficient values'.

woore o I () 1 (/) 1, (Nkmkg) 1

04 100 0.6 3.5£0.9 12.0+14.9 96.7+£34.9 0.3+0.5
04 100 04 4.2+4.0 2.9+2.2 82.9+10.9 0+0
0.4 100 0.2 54457 10.9£10.6 96.7+21.2 0.3+£0.5
04 0 0.6 2.1+0.6 1.7+04 82.5+10.2 0+0
04 0 04 75+33 22+40.7 80.0+£2.6 0+0
04 0 02 4.1+1.8 494438 84.2+13.0 0+0
0.2 100 0.6 4.7£2.6 3.9+3.0 83.3+6.4 0+0
0.2 100 04 2.8+1.1 7.9+43 85.2+16.0 0+0
0.2 100 0.2 49+2.6 13.8%17.6 93.8+31.5 0.3+£0.5
02 0 06 2.6+02 42434 83.9£16.5 0+0
02 0 04 3.0+£0.6 10.9+13.8 90.5+24.7 0+0
02 0 02 23+02 2.7+0.5 83.849.5 0+0

'+ denotes a single standard deviation, 1, is always zero.
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2.4.2 Optimal Selection of Reward Coefficients

In this subsection, the optimal selection results of the reward coefficients of 7, is
illustrated. By fixing », and ;. to their maximum, the lower bound of 7 can be
calculated based on (2.25). Similarly, the lower bounds of », and ;. are obtained.
-0.62<5# <0 , -043<r, <0, and -100<s.<0 . Table 2.6 shows the model

performance under different coefficient values averaged by random 3 runs. The best

parameters are 5, =0.6, 7 =04, . =0.

2.4.3 Analysis of Model Performance

2.4.3.1 Model Performance Under Normal Operations

In this subsection, the model performance of the proposed approach under normal
operations is verified. The following approaches are compared to illustrate its overall
model performance without disturbances or rescheduled trip times: /) Manual driving
(MD). 2) ATO-generated trajectories with proportional-integral-derivative controller.
1)-2) are the practical driving data with no departure delays of the line in March 2012.
Half of the data are MD, and the others are ATO since both types of driving were used
at that time. 3) RTO algorithm [32]: a comprehensive knowledge-based system with a
collection of expert knowledge rules. The selection of experts requires prior data
collection, surveying, expert selection, data mining, and summarizing. Noted that RTO
is unable to handle disturbances. 4) STO algorithm [100]: STO utilized advanced RL
algorithms such as deep deterministic policy gradient and normalized advantage
function to handle continuous action space for solving the TTO. 5) proposed approach.

Fig. 2.5 shows the optimal trajectories generated by SRL-EETTO on the training

set. Five pre-trained supervisors are used with planned running times of 185 s, 197 s,
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209,221 s, and 234 s, respectively (7" =183 sand 7°-™*=234 s). The trajectories
are smooth and have no violations of on-road speed limits. Fig. 2.6 shows the overall
model performance comparison under normal operation. From the figure, the upper part
shows the optimal trajectories of SRL-EETTO, while the bottom part shows the
comparative results of index 7, and 7, in each section. The bars represent the results
of 7,, and the circles with the dotted line and the light-shaded area represent the results
of 7..Table 2.7 summarizes the average model performance across all sections, where
the performance of SRL-EETTO is averaged across 5 runs, where B, =(avg. 7, of
MD -avg. 1, of the approach)/avg. 7, of MDx 100%; PA.=(min. 7, of MD -

avg. 1, of the approach)/ min. 7, of MDx 100%.

Table 2.7 Comparative model performances of approaches 1-5'.

Item 1, /s Pc(%) 1, (JN(kmkg)  Pe(%) 1, (s)
MD 7.5-14.0 - 147.0£31.0 - 2.542.4
ATO - - 154.7+31.0 52 1.7+1.6
RTO - - 120.1420.9 183  2.0+1.0
STO 4.0-5.8 - - - -
SRL-EETTO 3.4+0.9 54.7 119.8+23.8 185  2.2+1.0

'+ denotes a single standard deviation, 7, and 1, are always zero.

100
80| Speed limits
z L]
é 60
= =
S 40
(=7
wn
20 ——185s — 2095 —234s
—197s —221s
0 1 L

0 0.5 1 1.5 2 2.63
Distance (km)

Fig. 2.5 Optimal trajectories generated on the training set.
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It can be observed that SRL-EETTO can satisfy on-road speed limits and stopping
accuracy in all sections. Besides, SRL-EETTO achieves the best performance on 7,
among existing approaches and outperforms MD in an average energy saving of 18.5%.
Although RTO achieves similar performance on 7, as SRL-EETTO, it is unable to
handle disturbances. In addition, SRL-EETTO achieves the best performance on 7,
compared with the practical solution and outperforms the practical solution in an
average energy saving of 54.7%. Moreover, on the one hand, the variance of the trip
time error of MD is huge, indicating that MD has unsatisfactory punctuality
performance in some sections. On the other hand, although higher than ATO, the 7,

of SRL-EETTO is still within 3 s.

Distance (km)

— 1000 5 10 15 20
= T T T T T T
= ' i| | =™ SRL-EETTO
| - LJ s
éE, J-u I. I. I. I. I. I. Speed limits
= 50F m r\,—‘ m /-'\__
57
<
% 0 ! |
300 T T T T T T T T 75
STO
22501 e T °... - 45 SRL-EETTO

1 2 3 4 5 6 7 8 9 10 11 12 13
Sections

[EEATO [ IMD C_JRTO B SRL-EETTO |

Fig. 2.6 Optimal trajectories and model performances across all sections.

2.4.3.2 Model Performance Under Uncertain Disturbances

In this subsection, the model performance of the proposed approach under
uncertain disturbances, namely, the dynamic online train trajectory optimization
capability under disturbances and rescheduled running times, is verified. First, we use
Fig. 2.7 as an example to illustrate the model performance of the proposed model with

disturbances and rescheduled trip times.
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Fig. 2.7 Optimal trajectories with adjusted running times for scenarios (a) 1 and (b) 2.

Table 2.8 Model performances with adjusted running times'.

Item Adjustment 7, (m/s’) 1, (J/(km'kg)) I, (s)

Scheduled - 2.6 73.3 1.1
10 s earlier 3.0 80.6 1.1

Scenario 1
25 s earlier 2.5 102.0 2.3
10 s later 2.4 71.0 1.0

Scenario 2
25 s later 3.0 77.8 1.0

1
1, and I, are always zero.

Suppose the planned running time is scheduled as 210 s for the training section.
Fig. 2.7(a) shows an accident occurs when the train runs 500 m. The train is informed
at this moment to arrive at the station 10 s / 25 s earlier, respectively. This indicates that
7™ is changed to 200 s / 185 s, respectively. A red star marker represents the position
where the accident happened. Fig. 2.7(b) are similar, except that the accident happens
when the train runs 1500 m, and the train is required to arrive 10 s / 25 s later,
respectively. It can be observed that when the train receives the accident information,
the proposed model will change the driving strategy (action « ) since the model input
(state s ) is changed due to the change of reserved trip time. Table 2.8 shows the

detailed model performance. The trip time error is always within 3 s. 7, is larger than
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the example with scheduled 7", indicating extra energy consumption due to

acceleration. 7, is larger than the example with scheduled 7™, indicating slightly

uncomfortable passengers may feel due to acceleration or deceleration.

0.2
-Dbd
I:’Ddo
0.15¢ 1
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Fig. 2.8 Probability distributions of (a) disturbances, (b) arrival times, (c) energies,

and (d) ride comforts under Monte Carlo simulations.

To test the overall model performance under disturbances / rescheduled trip times,

we then perform 2000 times of Monte Carlo simulations. Section TIN-JH is between

two busy stations and is suitable for demonstrating the test results. 7°%™" and 7™

of section TIN-JH are 150 s and 185 s, respectively. The distributions of trip time

changes are referred to [32, 165]. ¢

is subject to a Weibull distribution where the

shape parameter is 0.8, and the scale parameter is (77-™ —7"™")/2 . % is non-

negative since disturbances or rescheduling commands before departure usually cause

delays. ¢ is subject to a Normal distribution where the mean value is 0, and the
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variance value is (7°%™* —7"™")/4 . For simulation purposes, x, is set to occur
within the first half of the trip. This is because when the train is close to the destination,

it is difficult or even impossible to significantly change trip time by train control.

Table 2.9 Model performances across Monte Carlo results'.

Disturbance type 1, (w/s’) 1, (J/(km'kg)) 1, (s)

- 3.0 100.7 1.6
D 3.243.1 109.2+13.6  1.6+0.9
D 2.7+1.9 101.5+11.7  1.9+1.0

'+ denotes a single standard deviation, 7, and [ , are always zero.

Table 2.10 Comparative model performances with RL-based algorithms.

Item Maximum 7, (s) Disturbance (s)
ITO 5.0 <20
ITOR 4.3 10
3.8 (D®)
SRL-EETTO <35
3.3(D™)

Fig. 2.8 shows the Monte Carlo results in histograms. The blue and red colors of
the histograms represent simulations that are subject to D™ and D, respectively.
Fig. 2.8(a) shows the distribution of ' and ¢°, which denotes the distribution of
disturbances. Fig. 2.8(b) shows the distribution of (72T +£3¢ or 7T +¢{°) and
denotes the arrival time. Fig. 2.8(c) and Fig. 2.8(d) show the distribution of energy and
ride comfort. The average model performance of the Monte Carlo simulations is
reported (Table 2.9). It can be observed that disturbances vary on a broad time
distribution (0~17.5 s for D™, -17.5-17.5 s for D*), but the arrival time distribution

is concentrated around the planned trip time (around 163—170 s). This indicates that the
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probability of delay is very small across all simulations (0-3.3 s for D™, 0-3.8 s for
D®) and the average trip time errors are within 2 s under both D* and D" . The
punctuality against D* is worse than against D" . This indicates the additional trip
time error caused by trajectory changes during operation. The energy distribution varies
due to the extra energy consumption for acceleration and deceleration to guarantee
punctuality. Most of the resulting energy consumptions are concentrated within a small
range (around 85-110 (J/(km-kg)) for D*, and 100-110 (J/(km-kg)) for D*) with
the average energy consumption close to results without disturbances. The ride comfort
distribution is similar to energy distribution, except that it is more concentrated.

The Monte Carlo simulation shows that SRL-EETTO can efficiently overcome
disturbances before departure and during operation and maintain model performance in
terms of punctuality, energy saving, and ride comfort via online timetable adjustment.
We then compare SRL-EETTO with state-of-the-art RL-based EETTO algorithms
reported in the literature that consider disturbances (Table 2.10). For comparison
purposes, we chose the ITO and ITOR algorithms based on Q learning. It can be
observed that SRL-EETTO reduces maximum trip time error by at least 24.0% and
11.6% against a broader disturbance range compared with ITO and ITOR, respectively.
Moreover, the computational time to re-generate the optimal train trajectory after
disturbances is about 0.07 s. This fast response time indicates that the SRL-EETTO can
generate or regenerate the optimal train trajectory online.

In addition, according to the above performance of SRL-EETTO, a trajectory
configuration suggestion can be given. Generally, for convenience of scheduling, the
equipped train trajectories of the ATO are of equal time separation. Considering the

average trip time error in Table 2.9, this separation can be 3 s for SRL-EETTO. As the
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running time range of sections is around 33-51 s, the number of equipped trajectories

can be increased from 5 (current implementation) to 12—18 (SRL-EETTO).

1L,

1
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: 2z

I (m/s3)
[ ]
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Fig. 2.9 Model performances with different train masses.
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Fig. 2.10 Optimal trajectories under different resistances.

2.4.3.3 Model Performance Under Uncertain Train Masses

In this subsection, the model performance of the proposed approach under
uncertain train masses is verified. Since the maximum train capacity during peak hours
may reach 2000, assuming the average passenger weight is 60 kg, the maximum train
mass can reach 320 t. Fig. 2.9 shows the trip time error, energy saving, and ride comfort

of the SRL-EETTO under different train mass conditions within the possible train mass
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range. The shaded area denotes a single standard deviation from the average value
across 5 runs. From the figure, it can be observed that punctuality is achieved across all
train mass conditions, and the maximum trip time error (2.9 s) is at the maximum train
mass point. As for energy saving, a larger train mass naturally leads to higher energy
consumption. The index /7, increases almost linearly. The ride comfort, however, is
improved with the increasing train mass. To summarize, the overall performance does

not deteriorate when the train mass is changed.

Table 2.11 Changed gradients of section SJZ—XC.

Segment (km) Value (%0) Segment (km) Value (%o)

[0, 0.57] 3 (1.98,2.29] 3
(0.57, 1.08] 8 (2.29,2.61] 2
(1.08, 1.48] -3 (2.61,2.63] 0
(1.48, 1.98] -10.4 ; ]

Table 2.12 Comparative model performances with different resistances.

Item I (m/s*) 1, (J/(km'kg)) 1, (s)
MD 7.5-14.0 121.4 8.8
ATO - 112.6 0.6
SRL-EETTO 2.6 99.2 2.3
SRL-EETTO-R 2.7 105.2 2.9

2.4.3.4 Model Performance Under Uncertain Resistances

In this subsection, the model performance of the proposed approach under
uncertain resistance conditions is analyzed. We simulate the resistance changes by
reversing the on-road gradient conditions in Table 2.2, which is shown in Table 2.11.

The trajectory and model performance on different resistances are reported in Fig. 2.10
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and Table 2.12, respectively, where SRL-EETTO-R denotes the model performance
under changed resistances. The results show increased energy saving and ride comfort
of SRL-EETTO-R compared to MD and ATO. Although indices 7, and 7, of SRL—
EETTO-R are higher than SRL-EETTO due to the resistance change, the trip time error

is within 3 s, which satisfies the requirements of subway operations.

2.4.4 Impact of Supervision Weights on Generalization Capabilities

In this subsection, the impact of supervision weights on the model generalization
capability is analyzed by investigating the effect of «, and m. The reward curves under
different parameters were depicted, where the reward values reflect the algorithm
performance quantitatively during training. For discussion purposes, the following
model performance is evaluated with 7% sampled every 5 s from [7F-m", 7PLmax])
namely, 190 s, 195s, ..., 230 s.
2.4.4.1 Effect of as

Fig. 2.12 shows the sensitivity of ¢, under fixed m. All curves are averaged
across 5 runs, with the bold lines and the shaded area representing the average reward
gained and a single standard deviation, respectively. From the figure, when «, =0, it
is pure RL training. The rewards gained are significantly less than other curves within
the maximum episode length, and the learning curve has a large variation even if trained
for a long time. This indicates that pure RL training is time-consuming and more
difficult to find the optimum due to the complexity of the problem compared with SRL.
When «, is larger, the SL supervision accelerates training and improves average
performance on different trip times as more rewards are gained. Nevertheless, from the
scale magnification of Fig. 2.12(a), if «, =1, the curve slowly decreases after gaining

a high reward. This is due to the overfitting of the agent to the supervisors policy
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4y (s). Note that «, =1 does not represent pure SL training since RL is in effect for

the critic.
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Fig. 2.12 Reward curves under different m with (a) «, =1, (b) «,=0.99, and (¢)
a,=09.

2.4.4.2 Effect of m

Fig. 2.12 shows the sensitivity of m under fixed «,. The learning curves for

different m with constant ¢, are shown in Fig. 2.12. With larger m, the rewards
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gained within the maximum episode length increase. The highest reward is obtained by
m=5.When «a,=0.9, since the total SL contribution is small, the rewards gained under
different m are similar. «,=0.99 and m=5 is the best and default parameter for
SRL-EETTO. Compared with pure RL, the designed SRL training architecture

improves model generalization capability while accelerating training.

2.5 Summary

In this chapter, an SRL-EETTO approach is proposed for enabling iATO of
modern URTs. The research mainly includes the following aspects.

First, the real-time train operation under uncertain disturbances is formulated as
an MDP with a goal-directed reward design method to systematically optimize multiple
operation objectives of energy saving, ride comfort, punctuality, and safety. Then, a
two-step SAC architecture based on the S-TD3 algorithm is developed to solve the
MDP and generate optimal train trajectories online. Finally, simulations are
implemented to validate the effectiveness of the SRL-EETTO using in-service subway
line data.

The key findings of the designated case study are summarized as follows: The
proposed approach shows superior average energy saving of 18.5% and ride comfort
improvement of 54.7% compared to the practical driving data while providing
satisfactory performance on punctuality and safety. 2) The adaptability of the proposed
approach to online running time adjustments, uncertain train masses, and uncertain
resistance conditions has been verified. 3) a train trajectory configuration suggestion
based on the proposed approach have been given, where the increased number of

trajectories can improve the scheduling flexibility.
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Chapter 3: Sizing and Control Optimization for Hybrid

Energy Storage System-Integrated Traction Substation

Operation Based on Multi-Task Reinforcement Learning

Nomenclature in this chapter

A. Multi-Task Reinforcement Learning Elements

AE | VE
a,s,r,z

B

*

0.0
A,R,S,P
Z,2,,2,

L.L,, Ly,

>0

A

%

NN

B. Indices
de{l,2,--,D}

hefl,2,--,H}

Action advantage estimation and value estimation
Action, state, reward, and task

Replay buffer

Layer of the O network in soft module

Connection probability between layer / and 7+1
Expected return and Q value of single-task agent
Sets of actions, rewards, states, and transitions

Sets of tasks, headway tasks, and combination tasks of trajectories
Weighted Q loss, O loss, and knowledge transfer loss
Agent policy

Discount factor

Soft update rate

Weight of knowledge transfer

Learning rate of neural networks

Parameters of Q, target O, and routing networks

Index of average onboard passengers

Index of train headways
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ie{l,2,---,1}

jei{l,2,---,J}
kei{l,2,---,K}
peil,2,---, P}
we{l,2,--- , W}

C. Time Scales

An,n,N

At,t, T

D. Variables

TR TR
a "x b

TR ;TR
vio,d
TR
F
H,

BT B ;TR
15C BT SUB |
SUB  ;OM
JE LT

INV  yREP ;FIX
JU LT T

LBT
NBT s NSC ’ NDC
NREP

NB

Index of stations or traction substations

Index of stations or traction substations except for station or
substation i

Index of trains

Index of train trajectories

Index of transitions sampled from replay buffer

Increment, current time step, and time horizon on a long time scale
for economic dispatch and prediction (e.g., sub-hourly or hourly)
Increment, current time step, and time horizon on a short time scale

for real-time train and HESS control (e.g., sub-minutely)

Train acceleration (m/s*), position (m), speed (m/s), and direction
(up/down)

Train total resistance (N)

Headway of train & (s)

Currents of supercapacitor, battery, substation, and train (A)
Costs of electricity trading and HESS operation ($)

Costs of investment, replacement, and installation ($)

Number of trains running at interval .

Estimated battery life (year)

Number of battery, supercapacitor, and converter modules
Replacement frequency

Passengers who are onboard
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B pTR
PSUB p

pSccH | pscpis
PBT,CH , PBT,DIS
RV , RBT
SoE®“, SoE®"
TD , TPL , TRTTR
AT

U s

Use ¢

UBT, oy
USUB TR b
XL

)

05

E. Parameters

CsuB
OM _OM
Csc > Ot

Powers of substation and train (W)

Charging and discharging powers of supercapacitor (W)
Charging and discharging powers of battery (W)
Resistances of contact line and battery (QQ)

SoEs of supercapacitor and battery (%)

Delay, planned running, and rescheduled running times (s)
Running time increment in train trajectory set (s)

Charge and discharge voltage thresholds of HESS (V)
Terminal and capacitance voltages of supercapacitor (V)
Terminal and open-circuit voltages of battery (V)
Voltages of substation, train and pantograph (V)

Distance of between train and substation (m)

Train trajectory of a specific section

Sensitivity of traction energy consumption (J)

Traction energy consumption of a specific train trajectory and its
difference between train trajectories (J)

Proportion of train braking power to traction network (%)
Power allocation ratio of HESS (%)

Scenario and its probability

Admittance matrix of the TN

Unit cost of electricity trading ($/kWh)

Unit costs of supercapacitor and battery operation ($/MWh)
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INV _INV _INV
sc »CBr »CDC

S
)

JCRT

L

M™  pmP

R-

R®, RSB RSC

SUB BR BR
UO ’ Ul ’ U2

Unit costs of supercapacitor, battery, and converter investment
($/module)

Equivalent capacitance of supercapacitor (F)

Interest rate (%)

Critical substation load current (A)

System lifetime (year)

Total vehicle mass (kg) and passenger mass per person (kg/person)
Unit resistance of contact line (€2/km)

Resistances of pantograph, substation, and supercapacitor (£2)

No-load voltage and two braking resistor voltage thresholds (V)

QP Nominal battery capacity (Ah)

a,pB OD element and passenger arrival rate

7% %", n™ Efficiencies of supercapacitor, battery, and train motor
n® Capital recovery factor

3.1 Background

The increasing traction energy consumption induced by the rapid growth of
passenger demand has underscored the necessity of developing effective hybrid energy
storage system (HESS) sizing and control technologies for traction substations to
improve energy and cost efficiencies. Nowadays, various methods have been
successfully applied to HESS sizing and control (literature reviews in section 1.3).
Nevertheless, the synergistic optimization of HESS sizing and control under the
dynamic and uncertain urban rail transit (URT) traction network (TN) energy flows
requires comprehensive consideration (substation-level challenges in section 1.4).
Therefore, this chapter focuses on developing a multi-task reinforcement learning-
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based sizing and control optimization (MTRL—SCO) approach for enhancing the
economic operations of the supercapacitor—battery HESSs and their integrated traction
substations under dynamic spatial-temporal URT traffic at the 2" (substation) level.
Specifically, the main contributions of this chapter are outlined as follows:

* A synergistic sizing and control optimization framework is proposed for the
coordinated operations of HESSs and traction substations. An iterative sizing
optimization approach considering daily service patterns is devised to
minimize the HESS life cycle cost (LCC). The sizing-specific HESS control
problem under various spatial-temporal traction load distributions is modeled
as a multi-task Markov decision process (MTMDP), where the voltage
thresholds and power allocations are jointly optimized for minimizing the
operation cost.

* A dynamic traffic model (DTM) considering passenger flow fluctuation and
delay-induced traffic regulation is formulated to characterize multi-train
traction load uncertainty for enhancing HESS control decisions. A Copula-
based passenger flow scenario generation method is proposed to capture
dependencies between multi-station origin-destination (OD) demands. A real-
time timetable rescheduling (RTTR) algorithm incorporating the traction
energy-passenger-time (TEPT) sensitivity matrix is developed to optimize the
energy-efficient rescheduled timetable and train trajectories under uncertain
short delays.

* An MTRL algorithm based on a dueling double deep O network with
knowledge transfer (KT-D3QN) is presented for solving the MTMDP

effectively. A policy distillation annealing method is developed to learn a
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generalized multi-task HESS control policy simultaneously and stably from
task-specific agents and dynamic train operation environments. Soft
modulation and gradient manipulation techniques are employed to handle
inter-task parameter sharing and conflicts.

Finally, comparative studies based on a real-world subway have validated the
effectiveness of the proposed approach for LCC reduction of HESS-integrated traction
substation operation under URT traffic. The remaining parts of the chapter are
organized as follows. Section 3.2 illustrates the problem formulation with structure and
modeling of HESS-integrated traction substations and their traction networks (TNs),
followed by the formulation of the HESS sizing and optimization model and the
analysis of HESS control parameters and URT operation uncertainties on the operation
cost and RB energy utilization. Section 3.3 presents the proposed MTRL-SCO
approach, including the formulation of the DTM, MTMDP, and KT-D3QN algorithm.

Section 3.4 reports case studies and their results. Section 3.5 gives the summary.

3.2 Problem Formulation

3.2.1 Structure of Traction Substations With Hybrid Energy Storage

Systems

The typical structure of HESS-integrated traction substations is shown in Fig. 3.1.
The substation contains a unidirectional 24-pulse wave diode rectifier. The HESS
connects to the traction substation by DC-DC converters. Generally, the passenger flow
prediction is conducted at a large time interval (e.g., 15 min), while the HESS control
is carried out at a small time interval (e.g., 1 s). Thus, we usen=1,2,,---,N to denote

the “prediction interval”, and r=1,2,,---,7 to denote the “control interval”. The
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following assumptions are considered: 1) The OD matrix is deterministic, while the
passenger arrival rate varies [156]. 2) The train stops at each station with a pre-
determined dwell time and running time. While delays extend the planned dwell time,

the total running and dwell times are unchanged [144].

In a scenario p, PP is the power of ith traction substation, 1<i<7, P!

and PST"" are the discharging and charging power of the supercapacitor, respectively,

BT,CH
P,

BT,DIS
and P,

are the discharging and charging power of the battery,

respectively, BT, is the power of kth train, 1<k <K . When a delay time 7,° is

known, the planned running time 7;°-, is changed to Z’® by RTTR, and an

optimal trajectory is selected from a pre-programmed trajectory set.

C2

L\ —>  Power flow
5o »Information flow

Fig. 3.1 The structure of HESS-integrated traction substations.
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3.2.2 Modeling of Hybrid Energy Storage System-Integrated Traction

Substations and Their Traction Networks

3.2.2.1 Egquivalent Circuit Model Overview
The equivalent circuit model of such TN (Fig. 3.2) includes traction substation

(3.2), train (3.3)—(3.4), battery (3.7)—(3.8), and supercapacitor (3.9)—(3.10) models. In

the figure, X, , and X are the distance of the train & to station 7/ and i+1,

ipit k,i+lp,t
respectively. R® is the pantograph resistance. R" is the contact line resistance per
km. Since the position of trains is changing during operation, the contact line resistance
of each circuit branch becomes time varying. Therefore, the contact line resistance is

modeled as a variable resistance. For instance, the resistance between train &k and

station i is R}, =R" X, ,,. Then, the admittance matrix Y of the circuit can be

derived. For instance, for the TN in Fig. 3.2,

N

Station i

UCH

1z

U’DI’S Allocation +- m PWM
C(;ntrol for HESS nyy Ly I

Supercapacitor model Battery model

Fig. 3.2 Equivalent circuit model of TNs w1th a HESS-integrated traction substation.

68



Chapter 3

1 1 1 0 1 1
R R R R, R
ki k,i+1 ki i+l
0 1 N 1 N 1 1 1
Y _ RP Rly+l,i R/Zi—l,i+l Rlx-l,i RIX-I,H—I
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3.1)

3.2.2.2 Traction Substation Equivalent Circuit Model

The 24-pulse rectifier in the traction substation contains two traction transformers
and four sets of diode rectifier bridges, and the transformers operate in parallel. Due to
the impedances of transformers, characteristics of rectifier bridges, topology, and
operating conditions, the output characteristics of the 24-pulse rectifier is complex. On
the one hand, the output voltage of the 24-pulse rectifier decreases with the increasing
load current. On the other hand, the equivalent resistance of the rectifier varies with the
load current. In practice, such output characteristics of the 24-pulse rectifier is generally

simplified with piecewise linear functions [120].

Fig. 3.3 Output characteristics and the equivalent circuit of the traction substation.

Specifically, the simplified output characteristics of the 24-pulse rectifier is shown
in Fig. 3.3. The equivalent traction substation model can be established as a Thevenin

circuit model, where the parameters of the ideal voltage source U;"® and the internal
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resistance R°“® is determined by the intercept and slope of the curve, respectively. A
diode is in series with the Thevenin circuit to simulate the unidirectional energy flow

of the rectifier.

i,p,t 2 i,
SUB,2 SUB,2 7SUB CRT _ ;SUB
Uy -R Ii,p,t - < Ii,p,t’

SUB _
Ui oot

SUB,1 SUB,1 ySUB CRT SUB
{UO ~RSUBISUB L fORT 5 SUB 5 52

where UPY® and 7M" are the traction substation voltage and current, respectively,

U;"® is the no-load traction substation voltage, R“® is the traction substation
resistance. U;"™' and U;""? are the ideal voltage source in current intervals 1 and 2,
respectively, RSY®' and RSY®? are the internal resistance in current intervals 1 and 2,

IR is the critical load current.

respectively,
3.2.2.3 Train Equivalent Circuit Model

The train is modeled as an equivalent controlled power source

UTR ITR :77BR PTR (33)

k.p,t"k,p.t k,pt" k,p,t?

100%, Uy i U,
UL  _yBR
7R =1( _%)xloo%, Uk <Uy,, <UK, (3.4)
2 1
0%, U <Uy .,

BR

where U, and 1% are the train voltage and current, respectively. 7.5,

k,p.t k,p.t

simulates the braking resistor [18], which determines the proportion of braking power
delivered to the network.

Generally, the pantograph voltage will rise if the regenerative braking (RB) energy
is not absorbed by nearby accelerating trains or the HESS. Therefore, the braking
resistor is adopted to avoid this situation. By controlling the duty cycle of the chopper,

the redundant RB energy is consumed on the braking resistor. When the pantograph
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voltage Uy . 18 lower than the start-up voltage threshold UPR , the duty cycle is zero
and 7%, =100%. This indicates that all RB energy can be delivered to the traction

network and the braking resistor is not working. When Uy, is higher than U R, the

BR

duty cycle increases and 7,

drops linearly. When Uy ,. Teaches the maximum

allowed voltage threshold U;® , the duty cycle reaches 1 and 7%, =0% . This

oot
indicates that the braking resistor consumes all RB energy.
3.2.2.4 HESS Equivalent Circuit Model

As shown in Fig. 3.2, the HESS in the traction substation generally adopts a
voltage-current double-loop control [120]. The outer loop aims to stabilize the traction

substation voltage at the charge or discharge voltage threshold of the HESS. When the

t

traction substation voltage U})? is higher than the HESS charge voltage threshold

Ufi‘f , the HESS charges. When the traction substation voltage Ufgf is lower than the

HESS discharge voltage threshold U, the HESS discharges. Then, the inner loop

pit 2
aims to control the HESS current at the referential value. A proportional-integral
controller is utilized to generate the referential inner-loop current according to the

traction substation voltage. Based on the referential inner-loop current and power

PA

allocation ratio 7,/ ,

the referential current of the supercapacitor and battery is

determined. The referential current is limited by a current limiter, which compares the
referential current with the maximum current of the supercapacitor and battery. Finally,
another proportional-integral controller and a pulse width modulation (PWM) module

are utilized to generate the charge/discharge command for the HESS.
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Thus, the status of the supercapacitor at the network side (high-voltage side) can
be described by constant-voltage and constant-current modes. When the referential
current of the supercapacitor is lower than its maximum current, the current limiter is
not in effect, and the supercapacitor is essentially a controlled voltage source. When the
referential current of the supercapacitor reaches its maximum current, the current
limiter is in effect, and the supercapacitor is essentially a current source that outputs its
constant maximum current. The status of the battery at the network side is the same as
that of the supercapacitor. Therefore, when both the supercapacitor and battery work in

SUB
U:

i 1s known, which

the constant-voltage mode, the traction substation voltage

equals the HESS charge/discharge voltage threshold USY (or UD?). Nevertheless,

when either or both the supercapacitor and battery work in the constant-current mode,

PA

. » but the traction

their currents are known according to the power allocation ratio 7

substation voltage U" is higher than the HESS charge voltage threshold US!' (or

lower than the HESS discharge threshold U[).

On the low-voltage side, for the supercapacitor, the first-order RC equivalent

circuit model is utilized. The parameters of such a model can be easily identified [120].

The model is essentially a resistor R°C in series with a capacitor C°°, where U}y

and If,ct are its output voltage and current, respectively, Uﬁ, is the capacitor voltage.

ocv

o in series with

For battery, it is modeled as an open-circuit voltage (OCV) source U
aresistor R);. U_; and I]; are its output voltage and current, respectively. Both

UotY and R}, are nonlinear functions of the state-of-energy (SoE), which can be fit
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by polynomial functions [166]. The SOE-OCV and SoE-resistance relationship of the

battery in this chapter can be fitted by [167]

3 2
U =1.186(SoE} | ~1.476(SoE S | +1.01980EY, +1.758, 3.5)

) BT )3 ) BT |2
1.055x107 (SoE ;) ~1.706x107 (SoES ) + Charge,
9.131x107°SoE P! +9.757 %107,

4 3
RY: =11.394x107 (SOEﬁﬁ) ~3.901x10 (SoES] ) + (3.6)

2
3.929x107 (SoE} ) ~1.670x10°SoES} +  Discharge.

3.880x107°,

Moreover, the charging/discharging efficiency of the supercapacitor and battery is
considered by 7°¢ and "', respectively. Ar isthe increment of the control interval.

To sum up, the status of the supercapacitor and battery at the low-voltage side is

modeled as
BT ;. BTy BT BT BT,DIS
BT P, /n Uyn By =B, 37)
pit BT BT,CH .
n®' Py U, Pyl =Pt
Uy =USY —IJRY], (3.8)
U, =U,, —IGR, U, =Us,  — 1At/ C™, (3.9)
c _ C V4 pSCpSC ; SC
Upa \/(Up") ARTE) pSC _ pSCDIs
sc 2R5C ToTet et
I, = (3.10)

2
U,?,t _ \/(U,S,t) _4Rscﬂscps,c
- 2 RSC > Lo Thon

3.2.2.5 HESS Degradation Model
For simplicity, the degradation of the battery and supercapacitor is estimated based
on the rainflow counting method [166], which analyzes the cyclic loading history of a

material or structure, while the effects of other aging parameters (e.g., temperature,
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current, etc.) are ignored. In chapter 5, we provide a more refined degradation model to
consider the electrothermal coupling relationship of HESS. Besides, the detailed steps
to implement both rainflow counting and -electrothermal-coupled methods for

degradation estimation are illustrated in Appendix A.

3.2.3 Formulation of Hybrid Energy Storage System Sizing and

Control Optimization Problem

3.2.3.1 Control Optimization Model
The power flows are modeled by (3.11)—(3.14). The electricity trading and HESS
OoM

operation costs are calculated by (3.15)—(3.16). ¢ and ¢ are the supercapacitor

and battery operation cost per MWh, respectively, ¢, is the trading cost per kWh,

JouP is the electricity trading cost, J5}' is the HESS operation cost,

T T
y[u' vl =1 r], (3.11)

t L L r t TR ™ 7
U = |:U1,p,t UK p,z:l H I' = |:Il,p,t IK pt:l H (3 12)

S T S )

U |:UIS/L?H? UISl/JJBt:| ’ I = |:Ils,p,t IISp t:| b

Uk pe =Usps =R Lo (3.13)
S SUB SC BT SUB
Ii,p,t =Ii,p,t +(Pp,t +Pp,t )/Ui,p,t > (314)
SUB 1 SUB

o= csupBoor AL (3.15)

OM _ OM|pSC
Jp,t =Csc ‘Pp,t

OM | pBT
A+ e[ PY

At. (3.16)

The aim of HESS control is to minimize the overall operation cost

. T SUB oM
mme Zthl(JPJ +Jp,t ),
s.t. (3.2)-(3.16).

(3.17)
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3.2.3.2 Sizing Optimization Model
Considering the match of converters and HESSs, the number of battery and
supercapacitor modules in series is fixed. Hence, the sizing optimization problem aims

to find the optimal number of battery and supercapacitor modules in parallel,

JN = [Céngsc +cpr Npr + cll)I\JCVNDc] -, (3.18)

INV INV
REP
REP :ZN er Nor +¢pe Npe | cr

T )rep-LBT ’ (3.19)

n® =1" .(1+1R)L /[(1+1R)L +1}, (3.20)
where J™ and J®¥ are the investment and replacement cost, respectively, 7 is
the capital recovery factor, cg.' , cpr » and cp~ are the investment cost of
supercapacitor, battery, and converter per module, respectively, Ny. and Ny, are
the number of supercapacitor and battery modules, respectively, N, is the number

of converter modules for HESS, N®* is the replacement frequency, L, is the

estimated battery life, L is the system lifetime, I is the interest rate.
Considering various operation uncertainties, such as passenger flow fluctuation
and delays, a scenario-based method is adopted. With scenario p and occurrence

probability f,, the objective can be written as

mil’lJLCC :prJp+JINV +JREP +JFIX77CR,
, (3.21)
s.t. (3.18)— (3.20).

FIX
J

where 1s other installation cost.
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3.2.4 Impact Factors for Economic Traction Network Operation and

Regenerative Braking Energy Utilization

3.2.4.1 Analysis Overview

In this subsection, the impacts of HESS control parameters and operation
uncertainties on economic TN operation and RB energy utilization are analyzed. As an
example, based on the same subway line described in subsection 2.4.1, four elevated
stations (RJ, RC, TIN, and JH) are selected for this analysis. The timetable of these
stations is shown in Table 3.1 and Fig. 3.4. The practical daily service pattern is listed
in Table 3.2 [168], where there are 122 daily train services. We treat all headways during
5:30-9:00 and 16:00-19:00 as 350 s, 5:20-5:30 and 19:00-20:00 as 540 s, and 9:00—
16:00 and 20:00—22:05 as 660 s. The train parameters are also listed in subsection 2.4.1,
where the maximum capacity N2 is 1500 [169], the start-up braking resistor voltage
threshold U* =900 V, and the maximum allowed voltage U,® =1000 V. The traction

substation, TN [18] and HESS [166] parameters are listed in Table 3.3 and Table 3.4,

respectively. The HESS is assumed to be installed in station 3.

Table 3.1 Planned running and dwell times of the studied sections.

Section 7', () Length (m) Direction Dwell time (s)
RJ-RC (1-2) 104 1354
RC-TIN (2-3) 165 2337 Down
TIN-JH (3-4) 151 2265
JH-TIN (4-3) 151 2265 0
TIN-RC (3-2) 162 2337 Up
RC-RJ (2-1) 105 1354
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Station 1 Station 2 Station 3 Station 4

apegeTe] Down direction

Up direction sepapans

b .‘ 1354 m ‘ 2338 m Q 2265m .‘

Fig. 3.4 Subway station data and illustration of train operation.

Table 3.2 Daily train service pattern.

Time Headway (s) Time  Headway(s) Time  Headway (s)

5:20-5:30 535 9:00-16:00 660 19:00-20:00 540

5:30-9:00 390 16:00-19:00 350 20:00-22:05 660

Table 3.3 Traction substation and TN parameters.

Item Value Item Value Item Value

UyU>!, UgUP? 860, 832 V L 10 years IR 2.5%
RSB RSUB2(0.0161,0.0236 Q RP 0.015 Q JIX o 32x10°$
JORT 672 A RY 0.016 Q/km cgu  0.11 $/kWh

3.2.4.2 Impact of Hybrid Energy Storage System Control Parameters

1) Impact of Voltage Thresholds: In order to analyze the impact of HESS
charge/discharge voltage thresholds in detail, the overall TN operation cost and RB
energy utilization with respect to the change of voltage thresholds are calculated. In
such analysis (Fig. 3.5-Fig. 3.6), all uncertainties of train operation are ignored.
Specifically, the number of onboard passengers is fixed to the maximum train capacity
NP . No uncertain delays or train resistances are considered. Besides, the initial SOEs

of supercapacitors and batteries are set as their maximum SoEs. Instead of using a

PA

dynamic ratio 7,7 ,

the power allocation strategy of the HESS follows a fixed

allocation ratio. The allocation ratio is determined by the maximum battery power
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divided by the maximum HESS power, which equals 0.20. The thresholds are fixed

with respect to the change of time.

Table 3.4 HESS parameters.

Battery module (LTO 20Ah)

Item Value Item Value
Nom. voltage 23V No. in series 292
Nom. capacity 20 Ah No. in parallel 5
Max. discharge rate 5C e 1 $/MWh
SoE range 0.2-0.8 coy 31.51 $/module

Supercapacitor module (BMODO00165P48)

Item Value Item Value
Nom. voltage 48V No. in series 14
Nom. capacity 165 F No. in parallel 15
Nom. current 130 A cop! 7.5 $/MWh

Resistance 6.3x10° Q co 538 $/module
SoE range 0.25-0.9

Converter module

Item Value Item Value
Max. current 400 A cpd 38500 $/module
7" 0.8 n°¢ 0.95

From the figure, it can be observed that, generally, the cost increases with a lower
charge voltage threshold and higher discharge threshold. This is because, as HESS
charge/discharge voltage thresholds are closer to the no-load voltage, more RB energy
is reserved for the HESS rather than wasted. Thus, the reserved energy can be further
utilized for energy saving. However, the cost drops when the discharge voltage
threshold is close to 835 V, which shows a complex relationship between voltage
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threshold settings and economic operation. For RB energy utilization, similarly, it

increases with a lower charge voltage threshold and higher discharge threshold.

810
835

835 935
985 860 985 985
™M) PP wvy M vy sy yen vy sy
18 20 22 24 26 28 3I0 3‘2 3I4 3‘6
(a) (b) ©)

Fig. 3.5 Impact of HESS charge/discharge voltage thresholds on overall TN operation
cost under (a) 350s, (b) 540s, and (c) 660s headway.
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835 885

810 985 810 985 935
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0 10 20 30 4'0 5'0 6I0 7'0 8v0
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Fig. 3.6 Impact of HESS charge/discharge voltage thresholds on RB energy utilization
under (a) 350s, (b) 540s, and (c) 660s headway.

Table 3.5 summarizes the optimal voltage thresholds that have the lowest overall
operation cost and highest RB energy utilization. It can be observed that, in most cases,
the optimal voltage thresholds are closer to the no-load voltage. However, they vary

with different train headways. For instance, when the headway is 540 s, the optimal
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charge voltage threshold is 892 V, which is closer to the start-up voltage threshold of
braking resistors. Therefore, the HESS charge/discharge voltage thresholds should
adapt to various train headways for operation cost minimization and RB energy

utilization maximization.

Table 3.5 Optimal voltage thresholds in the fixed operation environment.

Objective Headway (s) Optimal U" (V) Optimal U® (V)
350 877 855
Overall operation cost 540 892 855
660 868 855
350 865 852
RB energy utilization 540 877 855
660 865 854

2) Impact of Power Allocation: The power allocation of the HESS can also
influence the amount of charge/discharge energy. Similarly, the overall TN operation
cost and RB energy utilization with respect to the change of power allocation ratio are
calculated (Fig. 3.7-Fig. 3.8). In such analysis, all uncertainties of train operation are
ignored. The power allocation ratio is fixed with respect to the change of time. From
the figure, it can be observed that, generally, with the increase of power allocation ratio,
the cost drops at first and then increases gradually. RB energy utilization similarly
increases at first and then drops sharply. Besides, with the increase of the charge voltage
threshold and the decrease of the discharge voltage threshold, the optimal power
allocation ratio is smaller. Moreover, the optimal power allocation ratio is slightly larger
than that in the conventional power allocation strategy, which is determined by the

maximum battery power divided by the maximum HESS power (in this case, namely,
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0.20). This is because the operation cost of the battery is much lower than that of the
supercapacitor. Thus, an increased power allocation ratio will lead to a reduction in the
operation cost.

Table 3.6 summarizes the optimal power allocation ratio that has the lowest overall

operation cost and highest RB energy utilization. From the table, the optimal power

allocation ratio varies with different train headways and objectives.

|— U M_gesv, US=8s5v — U =802V, UPS=gaav — U P=o19v, UPS=g33v — U P=gsev, 1S

=822V
28 34 36
26 32 34
30 32
@24 @ @ \/-
b7 2 28 % 30
(=] (=] <o
O 22 @) Q
26 28
20 24 26
18 22 24
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
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(@) (b) (©

Fig. 3.7 Impact of HESS power allocation ratio on overall TN operation cost under (a)
350s, (b) 540s, and (c) 660s headway.
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Fig. 3.8 Impact of HESS power allocation ratio on RB energy utilization under (a)
350s, (b) 540s, and (c) 660s headway.
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Table 3.6 Optimal power allocation ratio in the fixed operation environment.

Objective Headway (s) Optimal n™ (%)
350 30.0
Overall operation cost 540 32.0
660 28.5
350 27.5
RB energy utilization 540 24.5
660 27.0

3.2.4.3 Impact of Operation Uncertainties

1) Impact of Delays and RTTR: The uncertain delays and corresponding RTTR
can influence the spatial-temporal traction load distribution. Generally, when a delay
occurs, the railway operator will temporarily shorten the train running time in the next
section. In order to analyze the impact of delays and RTTR, the overall TN operation
cost and RB energy utilization with respect to the change of delay times are calculated
(Fig. 3.9). In such analysis, all uncertainties of train operation except for delays are
ignored. The delays are set to occur in the down direction of station RJ. Since delays

generally occur during peak hours, only the train operation under 350 s headway is

taken into account. The HESS control parameters are set as 7., =0.20, U =865V,

and U]?=855 V. From Fig. 3.9(a), with the increase of delay times, the overall TN

operation cost is growing while the RB energy utilization is dropping. This is because
the overlapping time between accelerating and decelerating trains is reduced, which
results in a larger amount of RB energy that is wasted. Meanwhile, part of the RB energy
is absorbed by the HESS, as shown by the declining HESS energy output (Fig. 3.9(b)).

It is worth noting that, although the total HESS energy output is zero under 15-20 s
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delays, the HESS power is not zero during train operation. Besides, the cost of
implementing RTTR is significantly higher. This is because, in order to shorten the
running time for RTTR, the traction energy consumption increases sharply, resulting in

a growing traction energy usage.

26 80

=B8-Cost, RTTR
—6-Cost, no RTTR

=&~ Utilization, RTTR
=6~ Utilization, no RTTR
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_

70 & -6~ E""55, no RTTR
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Fig. 3.9 Impact of delay times on (a) overall TN operation cost and RB energy

utilization and (b) total substation and HESS energies.
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Fig. 3.10 Optimal charge voltage threshold under different delay times.

Then, the impact of delays and RTTR on optimal HESS control parameters is
analyzed. As an example, the optimal charge voltage threshold with respect to the

change of delay times is calculated and shown in Fig. 3.10. For convenience, other

HESS control parameters are fixed as 7,y =0.20 and U[}° =855 V. It can be observed

|t

that the optimal charge voltage threshold lays in the range of 860-890 V. Moreover, the

law of optimal charge voltage threshold with the change of delay times is different with
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and without implementing RTTR. Therefore, the HESS control parameters should adapt
to uncertain delays and RTTR.

2) Impact of Passenger Flows: The passenger flows can influence the amount of
traction load and RB energy. As an example, the passenger flows in stations RC and
TJN are analyzed. The overall TN operation cost and RB energy utilization with respect

to the change of passenger flows are calculated (Fig. 3.11-Fig. 3.12).

57777
"'llllszl
L17777777
7777777

777

10 10
| NB, RC (pu.) }NB, TIN (p.u.) ‘NB, RC (p.u.) 1yB, TIN (p.u.)
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N°,RC (pu) NB TIN (p.u.)
15 16 17 18 19 20 21 22 23 24 25 26

Fig. 3.11 Impact of passenger flows on overall TN operation cost under (a) 350s, (b)
540s, and (c) 660s headway.
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Fig. 3.12 Impact of passenger flows on RB energy utilization under (a) 350s, (b) 540s,
and (c) 660s headway.

From the figure, it can be observed that, generally, with the growth of the

passengers, the overall TN operation cost increases while the RB energy utilization

84



Chapter 3

decreases. In addition, the impact of passenger flows varies from station to station,
where station TJN has a more profound influence on the change of cost and utilization.
Therefore, it is necessary to model the passenger flows in each station for
comprehensive sizing and control decision-making.

3) Impact of Initial SoEs: The initial SoEs of the HESS can also influence the
amount of its charge/discharge energy. Due to its large energy capacity, the SoE of the
battery only shows minor changes within seconds. Therefore, the subsection mainly
focuses on the impact of initial supercapacitor SoE. Similarly, the overall TN operation
cost and RB energy utilization with respect to the change of initial supercapacitor SoE

are calculated (Fig. 3.13). In such analysis, all uncertainties of train operation are

ignored. The HESS control parameters are set as 7,7 =0.20, U5} =865 V, and

pit

UPS =855 V.
23 85 27 : 65 29 : 60
L 26lg 60 55
80 X X
£8 g
= B25 S 50 S
® O <
75 = =
= 4 5 45"
19 ' ‘ ‘ 70 23 45 24 ‘ ' 40
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Fig. 3.13 Impact of initial supercapacitor SOE on overall TN operation cost and RB

energy utilization under (a) 350s, (b) 540s, and (c) 660s headway.

From the figure, it can be observed that, with the increase of the initial
supercapacitor SOE, the overall TN operation cost drops about 8.2%, 7.37%, and 7.74%
under 350 s, 540 s, and 660 s headway, respectively. As shown in Fig. 3.14, this is

because more HESS energy can be utilized to supply the traction loads, and the energy
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demands from external grids is reduced, leading to a decreased electricity trading cost.
Nevertheless, the RB energy utilization is almost unchanged with the increase of the
initial supercapacitor SoE. This indicates that the initial supercapacitor SoE only alters
the RB energy distribution within the HESS, accelerating trains, and contact lines while

having little impact on the start-up of braking resistors.

' P n | n |,
20 40 60 80 100 20 40 60 80 100 20 40 60 80 100
SoESC (%) SoESC (%) SoESC (%)

Fig. 3.14 Impact of initial supercapacitor SoE on total substation and HESS energies
under (a) 350s, (b) 540s, and (c) 660s headway.

According to the above analysis, the HESS control parameters have a profound
impact on the economic operation of TN and the energy utilization of RB. The optimal
charge/discharge voltage thresholds and power allocation ratio of the HESS vary with
train service patterns, including headways, delays, and RTTR, and their relationship is
highly complex and nonlinear. It is necessary to limit the frequency of the start-up of
the braking resistor to improve the network-wide cost and energy efficiency based on
real-time traction loads and train positions. Meanwhile, the passenger flows and initial
HESS SoEs can also substantially decrease the economy of TN operation, which
become key factors in HESS sizing and control decision-making. Nevertheless, in the
above derivation, the HESS control parameters are fixed with the change of time, and

the control parameters that adapt to real-time operation uncertainties are difficult to
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acquire online under the complex energy interactions between multiple trains.
Furthermore, it is necessary to take the sizing of HESS into account since its capacity
can limit the reservation of RB energy, which results in energy waste. Therefore, in this
chapter, a sizing and control optimization approach for HESS-integrated traction
substation operation is developed, which mainly focuses on cost efficiency. The
following chapters will extend the research into DHESSs-integrated TN operation and

multiple objectives.
3.3 MTRL-SCO Approach

3.3.1 Approach Overview

Start Copula-based Passenger demand)
ondltlonal CDF g | Oy
Multi-train traction loads Bt N, Target network
Train 1 Train K ;
TEPT sensntlvntv Overation data
IRENA] Y IRERA] (g s p
5*9* 95 Hy Ny 8,015,
£
Clustering %
Daily load scenarios Abplication
Select a HESS size ) Replay
. buffer B
% Sizes
. 2. %
¥ - 1 t
( LCC analysis Replay (Sy0s Ao s S0t
buffer By, Task z Transitions
T )
KT-D3QN
Operation cost e
Intelligent agent

Fig. 3.15 Overview of MTRL-SCO.

The proposed approach (Fig. 3.15) contains the following steps: 1) Various traction
load scenarios are randomly generated based on the DTM, and representative daily
traction load scenarios are selected based on clustering algorithms. 2) A HESS size is
selected from the size constraint set, and such a HESS control problem is reformulated
as an MTMDP. 3) The proposed KT-D3QN algorithm solves the MTMDP and trains an

intelligent agent for multi-task HESS control. 4) Based on daily service patterns, an
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LCC analysis is performed, where the daily operation cost is calculated by the well-
trained agent. 5) Repeat 2)—4) to traverse all sizes, and the optimal HESS size and

control strategy is determined with the lowest LCC.

3.3.2 Dynamic Traffic Model

3.3.2.1 Copula-Based Passenger Flow Scenario Generation
Since passenger flow fluctuations can result in varying traction loads, the spatial-

temporal uncertainty of passenger flows is quantified based on the Copula theory

(Algorithm 3.1). First, we estimate the historical passenger data N, , according to

n

OD and arrival rate tables, where N  is the average onboard passengers between

station 7 and i+1 at time step n. The calculation of ]\ffp’ is illustrated in Appendix B.

n

Then, for simplicity, we only consider the temporal correlation between two

consecutive time steps, namely,
B B B B B
f(Ni,p,rH—l | Ni,p,l" ’ "Ni,p,n ) = f(Ni,p,nH | Ni,p,n )9 (322)

where f(-) is the probability density function (PDF), N}  is the average onboard

i,p.n

passengers at station 7 at prediction interval 7.

Then, the conditional PDF in (3.22) can be obtained by (3.23)—(3.24), where the

joint PDF is written by a Copula function.

S Ni]? i+ |Ni},3 7 o*C(F,F.
( f(pr]?;,nJrl )p ) ) C(E’Fz ) :#’ (323)
R=F(NS,,.), B =F(N,,), (3.24)

where C(-) and c¢(-) are the Copula function and its PDF, respectively, F(-) is the

cumulative distribution function (CDF). Thus, multiple pseudo-observations can be
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drawn from the conditional CDF to generate sufficient scenarios.
3.3.2.2 TEPT-Based RTTR & Trajectory Selection Optimization

Different from the conventional method illustrated in subsection 3.2.4.3, a novel
TEPT-based RTTR algorithm is proposed and adopted for further cost saving. Rather
than focusing on delay time minimization, the TEPT-based RTTR aims to minimize
traction energy consumption by shortening the running time of each section based on

the energy sensitivity between each train speed profile. Thus, the objective is
-1

manEdﬁp,i

i=1
-1 -1
S WD WA (3:22)
i=l i=1
def{l,2,--,D},i#I,p+P.
It is worth noting that since these delay times are short and do not cause any

interruption of train services, the total running and dwell times are assumed unchanged

[144]. Specifically, apart from passenger flows, the traction load changes in accordance

with the running time. By dividing Nf’p’ into D intervals, the TEPT sensitivity 6°

n

can be written as

[ ps S S ]
013 ed#sm gdsfgl,z o e‘lsé‘l,[—l
S S S S
o5 = 0, o5 = Ors,,  bas,, v bus,,,
' (3.26)
S S S S
HD _9d>5p-1,1 9519513-1,2 o Hdﬁp-u-l i
AE, s
193’%[_ = Ad;m , d=[L2,,D]i#l,p#P,

where each section has P pre-programmed trajectories, 1< p <P, and the trajectories

are ranked from the highest traction energy consumption to the lowest. &,; denotes
the pth trajectory of section (i,i+1). 93’51“ and AE,, —are the sensitivity and

energy difference between the pth and p+1th trajectory of section (i,i+1) with
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passenger interval d. AT 1is the increment of train running time.
A TEPT-based RTTR algorithm can then be developed to obtain the rescheduled
timetable and trajectories after the delay (Algorithm 3.1). The principle is that, at each

iteration, we allocate a AT to the section with the lowest sensitivity. Then, the

trajectory &6,, and sensitivity 05‘,5,“_ for that section are updated, while

7" « T —AT . The allocation process ends when 7.” =0. Thus, the rescheduled

timetable and trajectories of each section are determined. The detailed steps are
illustrated as follows.

Step 1: Initialize the delay scenario. Input the delayed station and the
corresponding delay time 7}3 . Set pre-programmed train trajectory set 6, ,, -+,
for each section, and generate the initial trajectory for each section according to the

timetable 7% .-, 7}, . Set the passengers NP .---,N/, , attime interval n for

each station. Calculate the traction energy consumption £, 5, for each trajectory

under each passenger flow, and generate the TEPT matrix 6°.

Step 2: Initialize rescheduling. Following the conventional method, allocate TZB)

to the first section (i,i+1) after the delayed station. If T >(p-DAT ,

T° «T" —(p—DAT ,and then allocate 7,° tosection (i+1,i+2).Repeat the process

till 7. =0. Calculate the total energy consumption £, = Z;Ed, 5y -

Step 3: Select one row [95,5[”,“-,95‘,5” H] in matrix ¢° by current passenger

interval d of each station and trajectories &, ,,---,6,,, of each section.

Algorithm 3.1 Passenger Flow Scenario Generation and TEPT-Based RTTR in DTM
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# Passenger flow scenario generation

1 Input: OD and arrival rate o, S

2 For prediction interval n = 1, N do

3 Update arrival rate g, and operation data H,, K,

4 . . . B

Estimate historical passengers N,

5  Establish the joint conditional CDF by conditional Copula functions using (3.23)—
(3.24), draw pseudo-observations from it to generate sufficient scenarios

6  Output: onboard passenger N®

# TEPT-based RTTR

7  Input: passenger N®, speed profile &, delay time T, and running time T*"

8 Initialize TEPT matrix 6°

9 Initialize rescheduling: allocate 7;" tosection (i,i+1), T,> < T." —(p—1AT.
Then allocate 7,”, to section (i+1,i+2).Repeat the process till 7,> =0.
Calculate the total energy consumption E; = ::1 Eys,,

10 While 7° =0 do

11 Select [6’3,5”’] 0y Sy } by current interval d and trajectory &,,++,6,

12 Allocate AT to the target section with arg min(ej 500 05 5 ) , update the

trajectory and sensitivity of the target section
D D

13 | T2« T2 - AT

14 With the updated trajectories &, ,,-+,6,, , calculate Ej= Z;E 4., and
compare with E,, select the timetable with lowest energy consumption

15 Output: rescheduled time 7%

Step 4: Allocate AT to the target section with the minimum energy sensitivity
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argmin(ej’ 5, 0y 5 ) , update the trajectory and sensitivity of the target section.

Update the delay time by 7,°

D
i}p<—7}’p—AT.

Step 5: Repeat step 3—4 until 7;,[; =0. With the updated trajectories &,,,"-,9,

p.I-1>
calculate the total energy consumption E| =Zf:1Ed’5;” .Compare E, with E,, select

the timetable and trajectories with the lowest energy consumption.

3.3.2.3 Traction Load Calculation

The power of train £ is calculated by (3.27),

pTR _ |:(MTR 4 NB MP)aI;F’l;’t _N(FTR )] V/I}}J,t (3.27)

k,p.t i,p,n k,p,t TR °
n

where M™ and M" are the total vehicle mass and passenger mass per person,

respectively, v, , and a; "

,. are the train speed and acceleration, respectively, 7

is the motor efficiency. Since total resistance F,';, can be uncertain due to weather

and line conditions, it is subject to a truncated Normal distribution A(-) [170], where

the standard deviation is 5% of the mean value, and its variance is limited to 10%.
3.3.3 Multi-Task Markov Decision Process

3.3.3.1 Task Representation & MTMDP

Since different headways and rescheduled trajectories significantly change the
spatial-temporal distribution of traction loads, each headway and each combination of
trajectories between different stations is a specific task. The task setis Z={Z,,2,},

where 2, ={z,--,z,;} contains H headway tasks in one-hot vectors, and

ZP={{5171,'-~,51,H},"~,{5P71,l,~~,5p4,,71}} contains (P—1)(/—1) combination tasks of
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trajectories. Hence, the total number of tasks is H(P—1)(/-1). Each task ze Z can

be formulated as a MDP introduced in subsection 1.3.1.1, and multiple tasks form a

MTMDP with components (S, A,R,P,y,Z).

3.3.3.2 State, Action, & Reward

State s, contains two parts: a) local traction substation operation status,

including supercapacitor SoE SoE®, , battery SOE SoE.!, local traction substation

outputs U7 and ;% (suppose HESS is in station i), b) train operation status,

TR TR

TR TR
Lpi> " XK s d

e odi,» and power RBY ... PE%

direction d Lpts oLk pre

including position x
By this design, it is not necessary for the agent to exchange information with other
traction substations for decision making, which reduces the communication burden.

Action g, is the voltage thresholds U5}, U]Y and power allocation 77 .

a, {US?,U%S,U%}.Accordingto (3.17),reward s, is the minus of J ¥ and JO}',

_ GRID oM
namely, 7, ——(Jp’t +J,, )

SC BT 77SUB 7SUB _TR TR
SOEp,t ’SOEp,t ’Ui,p,t ’]i,p.t > X0 XK pits 38
S, =
! d™ ... g™ pTR _ pIR (3.28)
Lot> % K,pt>Tlpt> T K,pt*

3.3.3.3 State Transition

The train operation status is updated by the selected trajectory p, and the network
parameters, such as the contact line resistance, are updated accordingly. Then, the local

traction substation outputs (e.g., traction substation voltage and current) are updated by

power flow calculation according to «, . According to the power flows, the SoEs of the

HESS are updated by
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2
Uc 18T At
SoESS, =[ pi J , SoE =SoE"! Pt

C,norm pit-1 " QBT,norm 2

(3.29)

where U™ and Q™™™ are the nominal capacitor voltage and nominal battery
capacity, respectively.

Furthermore, there are multiple states that are independent of «, and have
intrinsic uncertainties, such as passenger flows and delays. These uncertainties are

updated by the generated scenario parameters in subsection 3.3.2.

3.3.4 KT-D3QN Algorithm Implementation

3.3.4.1 Dueling Double Deep Q Network (D3QN)

Since the complexity of calculating expected return O, D3QN [45] approximates
0" by Q, with parameter ¢,and @, isdecoupled with a value estimation VE (s,)

and an action advantage estimation AE(s,,q,). This dueling architecture enables the

agent to learn independent state values, which is useful in states where the actions have

no effect on the environment,

zameA AE(SI Q141 )
4] |

0, (s;a,)=VE(s,)+ 4E(s;,a,) (3.30)

Totally H replay buffers are built for all headway tasks, and W transitions
(8,557,558, ) are randomly sampled from each buffer for updating the multi-task
D3QN. Thus, the original loss function of the D3QN in (2.31) is extended to a multi-

task form, namely,

1 2
z, =W2hj§(y—Q¢(sw,aw)) : (3.31)

(4

A1l

where y=r, +y0), [swﬂ,argmax Qw(swﬂ,awH)J , 0, and ¢' are the target network

and its parameter, respectively.
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The loss updates can be written as
p<—o+5 VL, (3.32)

where & is the learning rate.
3.3.4.2 Knowledge Transfer & Policy Distillation Annealing

Considering the similarity of different trajectory tasks under a given headway, we
develop a knowledge transfer method to rapidly and stably learn the multi-task policy
incorporating common knowledge from task-specific agents by policy distillation. For
each headway task with several sets of trajectory tasks, a single-task agent is first
trained in a learning environment without delay. Then, the Kullback-Leibler divergence
is adopted to measure the discrepancy between the policy distributions of single-task
agents and the multi-task agent. An annealing strategy is utilized to gradually reduce

the knowledge transfer for convergence.

softmax (Q;; (s,-4, ))
softmax (Q,p (5,0, ))

h

Ly, =ZZsoftmax(Q; (sw,aw))ln{ } (3.33)

L=(1-2)L,+ ALy, (3.34)
where Q) is the O value of the corresponding single-task agent, 1 decreases during

training.
3.3.4.3 Soft Modulation with Conflict Gradient Projecting

As the difficulty of learning different tasks varies, soft modulation [69] (Fig. 3.15)
is introduced to address this issue. The idea of soft modulation is to generate soft
combinations between different neural network modules without explicitly specifying
the policy structure for each task. To implement soft modulation, the network structure

of D3QN is divided into multiple layers, and each layer contains a set of modules. A
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separate routing network with parameter ¢, is built to estimate the connection

probability qu between modules in layer / and layer /+1 according to the task and

current state. Hence, for different tasks, as the connection probability varies, each task
will have different weighted combinations of shared network modules to construct its
task-conditioned policy. This reconfiguration of the O network improves flexibility in
handling various tasks and ensures the quality of solutions. Moreover, in order to
mitigate potential inter-task conflicts, the conflict gradient projecting technique [71] is
adopted. It provides a simple solution to deal with task gradient interference in network
updates by projecting the conflicting gradient onto the normal plane of the other. Thus,
by implementing the above techniques, the multi-task learning performance of the
multi-task D3QN can be enhanced. The training step of the algorithm is summarized in

Algorithm 3.2.

Algorithm 3.2 KT-D3QN

1 Initialize O network with ¢, routing network with ¢_, target network

with ¢'« ¢, and replay buffers B,,---,B,

2 For episode = I, Max do

3 Sample a task from the task set to initialize learning environment
4 Receive the initial state s,

5 For control interval t = 1, T do

6 Select a, with u(a,|s,,z) and e-greedy, obtain r, and s,

in the environment

7 Store transition (s,,q,,7,,s,,;) to B, based on headway task z,
8 Sample W transitions (s,.a,.r,.s,,;) fromeach B,

9 Calculate loss £ by (3.31) and (3.33)—(3.34), update ¢,¢,,1
10 Soft update: ¢« rp+(1-7)¢’
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3.4 Case Study

In this section, an analysis of the aforementioned formulations and algorithms is
conducted. First, the optimal HESS control behaviors are investigated. On the one hand,
the impact of different control schemes is demonstrated to verify the effectiveness of
joint adjustments on voltage thresholds and power allocations of the HESS. On the
other hand, the training and test performance of KT-D3QN on overall operation cost
and RB energy utilization is examined by comparing it with other learning-based and
non-learning-based algorithms. Furthermore, the optimal HESS configurations are

demonstrated with an analysis of various traffic models and RTTR algorithms.

Table 3.7 Rescheduling settings.

Section Direction 7;5)% (s) Length (m) Dwell time (s)
RI-RC (1-2) [94,104] 1354

RC-TIN (2-3) Down [155,165] 2337
TIN-TH (3-4) [141,151] 2265
JH-TIN (4-3) [141,151] 2265 3
TIN-RC 3-2) Up  [152,162] 2337

RC-RJ (2-1) [95, 105] 1354

3.4.1 Setup

The subway line data and HESS data used in case studies are illustrated in
subsection 3.2.4.1. The rescheduling settings of these stations are shown in Table 3.7.
Considering that batteries are not suitable for covering the large traction load power

[121], their rated power is roughly taken as the average traction substation power during
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one train headway. To meet the peak traction power demand [171], the power difference
between the average and peak traction substation power is roughly treated as the rated
supercapacitor power. Thus, the optimal HESS size is searched in a range near the above
empirical size setting, where the number of supercapacitors in parallel ranges from 15

to 25, and the number of batteries in parallel ranges from 5 to 10.
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Fig. 3.16 Passenger flows in (a) down and (b) up directions. Time intervals 50-51 and
sections RJ-RC with TIN-JH are used to show (c) spatial and (d) temporal passenger
flow correlations.

For simplicity, the delays are only considered during peak hours (namely, 350 s

headway), and only one delay occurs at a random station in each scenario. 7,> is set
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between 5-20 s [32] using the log-Normal distribution [157] where the mean and
variance are both 5 s. Hence, according to the delay time range, each station has 15
combination tasks of train trajectories with different planned running times. The
trajectories are generated by the proposed SRL-EETTO in chapter 2, which achieves
traction energy consumption minimization and meets multiple objectives of punctuality,
safety, and ride comfort. AT =1 s. For multi-task control, the proposed algorithm is
trained and tested by 1000 and 21 random traction load scenarios, respectively. The
initial HESS SoEs are randomly generated. For sizing optimization, 122 random
traction load scenarios are included in a daily operation scenario according to the
service pattern, and 1000 such daily operation scenarios are generated. Then, to
decrease the computational cost, 10 representative scenarios are retained by K-means
clustering. The scenario probabilities are 0.112,0.137,0.126,0.101, 0.096, 0.106, 0.077,
0.073, 0.100, and 0.072. The passenger flow fluctuations and their correlations in the
representative scenarios are shown in Fig. 3.16, where historical OD and arrival rate

tables are obtained from [156].

Table 3.8 KT-D3QN parameters.

Parameter Value Parameter Value Parameter Value
& 10 w 43 Optimizer Adam
T 5x10 A 1—0.05  Buffer capacity 220
4 0.998 H 3 Exploration policy 0.5—0.01

The parameters of the KT-dD3QN are listed in Table 3.8. The O network has two
fully connected layers both with 128 units and ReLU non-linearity, and followed by 2
layers and 2 modules per layer. Each module has two hidden layers with 128 units and

ReLU non-linearity. The routing network outputs 128 representations for connection
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probability per layer. The target network and task-specific agents have the same
structure as the O network. The exploration rate reduces linearly from 0.5 to 0.01 and
remains constant at 0.01 after 2000 episodes. 1 reduces linearly from 1 to 0.05 and
remains constant at 0.05 after 2000 episodes. All simulations are performed by PyTorch

1.12.1 and Python 3.9.13 on the same device in subsection 2.4.1.

3.4.2 Analysis of Hybrid Energy Storage System Control Behaviors

3.4.2.1 Control Behaviors & Impact of Control Schemes

In this subsection, the impact of different control schemes on the overall operation
cost and HESS control behavior are analyzed by the test set. The parallel numbers of
15 and 5 for supercapacitor and battery are taken, respectively. The following schemes
are compared: /) Dynamic threshold and power allocation (DTPA, proposed): Both
thresholds and the power allocation of the HESS can be dynamically adjusted. 2) Fixed

threshold (FT): This scheme aims to verify the effectiveness of threshold adjustments.
USH =865V, UDP =855V. 3) Fixed power allocation (FPA): This scheme aims to
verify the effectiveness of power allocation adjustments. The fixed power allocation is
the nominal battery power divided by nominal supercapacitor power. 4) Fixed threshold

and power allocation (FTPA): A conventional rule-based scheme [37], where

thresholds and power allocation are fixed.

Table 3.9 Comparative costs of schemes 1-4.

Performance DTPA FT FPA FTPA

Overall operation cost (§) 351.57 358.48 368.58 373.56
Electricity trading cost (§) 337.53 344.94 353.95 356.92
HESS operation cost (§) 14.04 13.54 14.63 16.63
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Fig. 3.17 Train operation and HESS control curves, including curves of (a) total train

power, (b) train displacement, HESS voltage thresholds under (¢) normal operation

and (d) RTTR, and HESS power allocations under (e) normal operation and (f) RTTR.

Fig. 3.17(a) shows the total train power generation (+) and consumption (-). Fig.

3.17(b) shows the train displacement curves. When a delay occurs, the rescheduled

energy-efficient speed profile prefers higher deceleration and braking power to avoid

extra traction energy consumption due to the decreased running time. Hence, the overall

power generation under RTTR is higher than that of normal operation. Fig. 3.17(c)—(f)

show the HESS SoEs, control parameters, and traction substation energies under normal
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operation and RTTR, respectively. From Fig. 3.17(c) and (e), since the battery operation

cost is lower than that of the supercapacitor, DTPA and FT utilize more battery capacity

for cost-saving by leveraging a higher power allocation ratio than FPA.
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Fig. 3.18 HESS SoEs and traction substation energy curves, including curves of

supercapacitor SoEs under (a) normal operation and (b) RTTR, battery SoEs under (c)

normal operation and (d) RTTR, and traction substation energy under (e) normal

operation and (f) RTTR.
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Besides, from Fig. 3.18(a) and (c), the DTPA and FT release less energy than FPA
and FTPA during 5075 s, which prevents the supercapacitor SoE from reaching its
lowest limit. The continuous supercapacitor power supply of DTPA and FT decreases
the traction substation energy consumption, as shown in Fig. 3.18(e). Moreover,
compared with FT, other schemes maintain a reasonable supercapacitor SoE during
275-350 s, which can potentially utilize more supercapacitor energy for further usage.
From Fig. 3.17(d) and (f), compared with normal operation, the power allocation ratio
of DTPA and FT is closer to FPA. This is to fully utilize the available HESS power to
absorb the higher braking power under RTTR. From Fig. 3.18(b)—(d), all schemes show
similar performance in maintaining supercapacitor SoE as in normal operation. From
Table 3.9, DTPA outperforms other schemes in decreasing the overall operation cost
under normal operation and RTTR. The cost reduction is 1.93—5.89% on average.

To further demonstrate how online trip time adjustment affects the proposed
approach, another RTTR scenario is analyzed (Fig. 3.19), where a train is informed to
increase the trip time by 10 s after running 20 s at section RI-RC. From the figures, the
train speed at section RJ-RC is decreased after receiving the information to extend the
trip time, and the RB power is reduced. If the control parameters of the HESS are
unchanged, the direct RB power use by trains is reduced and more power is required
from the substation to satisfy the traction demand, which increases the energy
consumption and operation cost. Nevertheless, under the proposed approach, the HESS
voltage thresholds and power allocation ratio increase, indicating less RB power is
absorbed by the HESS and the direct RB power use by trains can be maintained. Thus,
the proposed approach can effectively address the above energy and cost efficiency

issue, validating its effectiveness under online trip time adjustment.

103



Chapter 3

o
=

T I T T
=——=Normal = =Rescheduled

N
S
T

\
\
1

Speed (km/h)
=
T

\
20 \
\
0 | | \
0 50 100 150 200 250 300
Time (s)
(a)
3 T T I T T T
) =—=Normal = =Rescheduled
1
g
St 0
z
= -1
~
-2
3 1 1 1 1 1 I
0 50 100 150 200 250 300 350
Time (s)
(b)
1 100
0.95 0
> ~
& Q\i 60
& 0.9 S 40
£ i
S & 20
> 0.85
0 |—N0rmal - -Rescheduledl
0.8 . : - . : : -20 . N : . . :
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Time (s) Time (s)
(c) (d)

Fig. 3.19 HESS control behaviors under online trip time adjustment, including curves
of (a) train trajectory adjustment, (b) train power, (c) HESS voltage thresholds, and
(d) HESS power allocations.

3.4.2.2 Impact of Control Optimization Algorithms

In this subsection, the model performance of the proposed KT-D3QN is verified.
Four learning-based and two non-learning-based algorithms are compared: /) K7~
D3QON: proposed. 2) MT-D3QON: the task set and the routing network are the same as

KT-D3QN, while the knowledge transfer is removed. 3) ST-D3QN: The routing network
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and the knowledge transfer are not included, and no task set is established. The changes
in speed profiles and headways are treated as uncertainties. 4) MTMH-SAC: The multi-
task multi-head soft-actor-critic algorithm which uses an independent head for each
task. We revised the realization in [69] to output discrete actions. The above methods
are running with 4000 episodes and 3 random seeds. Besides, 5) Genetic algorithm
(GA): GA is directly implemented on the test set, where Q" is treated as the fitness
function. To decrease the computational complexity, we perform GA for each test
scenario individually. The population size is 40, the crossover fraction is 0.9, the
mutation fraction is 0.1, and the maximum generation is 100. 6) FTPA: as illustrated in

subsection 3.4.2.1.

Generation
0 25 50 75 100

|—KT-D3QN — MT-D3QN —ST-D3QN — MTMH-SAC -***- GA

0 500 1000 1500 2000 2500 3000 3500 4000
Episode

Fig. 3.20 Comparative reward curves of algorithms 1-6.

Fig. 3.20 shows the reward curves of the test set, where the bold line is the average
value, the shaded area is one standard deviation, and the curves of learning-based
algorithms are smoothed with a moving average smoothing factor of 0.1 for visual
clarity. ST-D3QN gains the lowest reward and shows little improvement with episodes,
which indicates that a single-task learning framework is insufficient to handle different

headways and multi-source operation uncertainties. KT-D3QN achieves a stable
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performance and finds a near-optimal control policy after 3000 episodes. It obtains the
highest reward.

Table 3.10 shows the RB energy utilization and overall operation cost of the test
set, along with the best performance for each algorithm. Although FTPA achieves the
highest RB energy utilization, its cost is higher than KT-D3QN and MT-D3QN. This is
because the improved RB energy recovery of HESS also increases its operation cost.
Hence, due to the multi-task learning framework and knowledge transfer, KT-D3QN
outperforms other algorithms in improving economic benefits by 4.04%-13.06%,

respectively, which verifies its effectiveness.

Table 3.10 Comparative RB energy utilizations and costs of algorithms 1-6.

Performance KT-D3QN  MT-D3QN ST-D3QN
Braking energy (MWh) 2541 2541 2541
Braking loss (MWh) 7.98 6.09 9.03
RB energy (MWh) 17.43 19.32 16.38
Utilization (%) 68.60 76.03 64.46
Cost ($) 351.57 366.39 404.37
Performance MTMH-SAC GA FTPA
Braking energy (MWh) 2541 25.41 25.41
Braking loss (MWh) 8.41 9.45 5.67
RB energy (MWh) 17.00 15.96 19.74
Utilization (%) 66.90 62.81 77.69
Cost ($) 387.54 403.83 373.56
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3.4.3 Analysis of Hybrid Energy Storage System Configurations

3.4.3.1 Configuration Results & Impact of Traffic Models

In this subsection, the effectiveness of the proposed DTM and the optimal
configuration of HESS are investigated. The following traffic models are compared: /)
Dynamic traffic model: proposed. 2) Static traffic model: Only one most common
traction load scenario is generated for each headway, and one daily operation scenario
containing 122 such traction load scenarios with different headways is used for sizing
optimization. Specifically, this daily operation scenario assumes no delays occur and
the daily passenger flows follow the historical average daily passenger curve. The train
resistance uncertainty is not considered. The initial HESS SoEs are set as the maximum
SoE. 3) Static passenger model: passenger uncertainty is not considered, and the
historical average daily passenger curve is used for all daily operation scenarios. 4) No
delay model: the delays and RTTR are ignored, and only the normal operation scenarios
in the traction load scenarios are adopted to establish daily operation scenarios. These
traffic models are combined with different energy management strategies to optimize
the HESS size. Specifically, we use framework F1-F4 to denote the results of
combining KT-D3QN with traffic models 1)-4), respectively, and framework F5-F8 to
denote the results of combining FTPA with traffic models 1)—4), respectively. F6 (FTPA
and static traffic model) is the conventional approach and baseline.

Table 3.11 shows the LCC and optimal HESS size under various optimization
frameworks. Compared with F1, F2-F4 lacks the consideration of spatial-temporal
traction load characteristics on different degrees, which results in the LCC
underestimation. Similarly, the LCCs of F6—F8 are lower than F5 due to the lack of the

proposed dynamic traffic model. Besides, the LCCs of F5—F8 are significantly higher
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than F1-F4, which further verifies the effectiveness of KT-D3QN. Compared with the
conventional approach F6, the proposed framework F1 reduces the HESS LCC,
capacity, and power by 2.65%, 12.29%, and 17.63%, respectively, while increasing the

battery life by 86.22%.

Table 3.11 Comparative LCCs and optimal HESS sizes of frameworks 1-8.

Performance Fl F2 F3 F4

LCC ($) 1283.53 1184.99 1234.59 1209.40
Supercapacitor capacity (kWh)  14.78 17.74 14.78 17.74
Battery capacity (kWh) 107.46  80.59 107.46  80.59
Supercapacitor power (kW) 1.75 2.10 1.75 2.10

Battery power (kW) 0.54 0.40 0.54 0.40
Battery life (year) 10.00 10.00 10.00 10.00
Performance F5 F6 F7 F8

LCC ($) 1340.22 1318.48 1301.45 1327.83

Supercapacitor capacity (kWh) 17.74 18.48 17.74 17.74

Battery capacity (kWh) 107.46  120.89 107.46  120.89
Supercapacitor power (kW) 2.10 2.18 2.10 2.10
Battery power (kW) 0.54 0.60 0.54 0.60
Battery life (year) 5.40 5.25 5.37 5.64

3.4.3.2 Impact of RTTR Algorithms

In this subsection, the effectiveness of the energy-saving-oriented RTTR based on
TEPT sensitivity is verified. The following RTTR methods are compared using the test
set. It is worth noting that only delay scenarios are included in this comparison. /)
Method 1 (M1): Proposed TEPT-based RTTR. 2) Method 2 (M2): A conventional

rescheduling method aiming to minimize the delay time, which is illustrated in line 8
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of algorithm 3.1. First, it tries to allocate the delay time 7, to the first section after
the delayed station. Then, if there is remaining 7;° , allocate it to the second section.

Repeat the process till pr =0. 3) Method 3 (M3): no RTTR is implemented.

Table 3.12 Comparative overall operation costs and traction substation energies of
RTTR methods 1-3.

Performance M1 M2 M3

Overall operation cost (§) 301.73 311.54 294.53
substation energy (kWh) 987.89 1021.01 964.00

Table 3.12 shows the overall operation cost and traction substation energy outputs
under different RTTR methods. M3 achieves the lowest cost and energy consumption
following the original train trajectories and running times. However, the delay time has
not been reduced. Although both M1 and M2 can minimize the delay time, M1 achieves
better cost and energy efficiency due to the consideration of energy sensitivity in

switching train trajectories.

3.5 Summary

In this chapter, an MTRL—SCO approach is proposed for enhancing the economic
operations of HESSs and their integrated traction substations under dynamic spatial-
temporal URT traffic. The research mainly includes the following aspects.

The configuration-specific HESS control problem under various spatial-temporal
traction load distributions is formulated as an MTMDP, and an iterative sizing
optimization approach considering daily service patterns is devised to minimize the

HESS LCC. Then, a DTM composed of a Copula-based passenger flow generation
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method and a traction energy sensitivity-based RTTR algorithm is developed to
characterize multi-train traction load uncertainty. Furthermore, a KT-D3QN algorithm
is proposed to simultaneously learn a generalized multi-task HESS control policy from
knowledge of annealing task-specific agents and operation environments. Finally,
comparative studies have validated the effectiveness of the proposed approach for LCC
reduction of HESS operation under URT traffic.

The key findings of the designated case study are summarized as follows: 1) With
the joint optimization of voltage thresholds and power allocations in the MTMDP to
effectively adjust SoEs, the operation cost can be reduced by 5.89% compared with
conventional rule-based strategies using fixed thresholds and power allocations. 2)
Leveraging the multi-task learning framework and knowledge transfer, the proposed
KT-D3QN algorithm shows superior economic performance compared to benchmark
learning-based and non-learning-based methods, decreasing the average overall
operation cost by 4.04—13.06%. 3) The lack of consideration of spatial-temporal
traction load characteristics can result in substantial LCC underestimation up to 6.69%
for optimal HESS configuration. Compared with the conventional approach, the
proposed optimization framework reduces the HESS LCC by 2.65% while increasing

the battery life by 86.22%.
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Chapter 4: Multi-Time Scale Energy Management for

Distributed Hybrid Energy Storage System-Integrated

Traction Network Operation Based on Multi-Task Multi-

Agent Reinforcement Learning

Nomenclature in this chapter

A. Multi-Task Multi-Agent Reinforcement Learning Elements

a,s,0,r,z
B

[

”

Qi > Qtot

7,5,0,AR,P

Z,2,,2,

L,L,, Ly

3 (7

%
S

0,0 ,0.,0,

Ar

Action, state, observation, reward, and task

Replay buffer

Length of history trajectory used for loss updates

Q value of agent i and joint action-value function

Sets of agents, states, observations, actions, rewards, and

transitions
Sets of tasks, headway tasks, and combination tasks of trajectories

Weighted Q loss, O loss, and knowledge transfer loss

Agent policy

Observation history, joint observation history, and joint action
Discount factor

Soft update rate

Weight of knowledge transfer

Learning rate of neural networks

Hidden state of the RNN

Parameters of Q, target O, routing, and mixing networks

PV-battery energy utilization reward
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B. Indices

hell,2,---,H}
ief{l,2, 1}

je{l,2,---,J}
kef{l,2,---,K}
te{l,2,-, T}
well,2,---,W}

C. Time Scales

An,n, N

At,t, T

D. Variables

Eref A Eref
b

ISC , IPV-BT , ISUB
JDA ,JINT

JD

JSUB ,JCA ,JCUR
JOM ’JSC ’JBT ,_]PV
NB

PPV—BT

PTR , PSUB

Index of train headways

Index of stations or traction substations

Index of stations or traction substations except for station or
substation i

Index of trains

Index of the intraday time horizon

Index of transitions sampled from replay buffer

Increment, current time step, and time horizon on a long time scale
for economic dispatch and prediction (e.g., sub-hourly or hourly)
Increment, current time step, and time horizon on a short time scale

for real-time train and HESS control (e.g., sub-minutely)

Referential and available PV-battery energies (kWh)

Currents of supercapacitor, PV-battery, and traction substation (A)
Objectives of day-ahead and intraday scheduling

Cost for any deviation from E™™™T (8)

Costs of electricity trading, carbon trading, and PV curtailment ($)
Costs of PV-HESS, supercapacitor, battery, and PV operation ($)
Passengers who are onboard

Scheduled power of PV-battery (W)

PV power and its curtailment (W)

Powers of train and traction substation (W)
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H DI
PSC,C ,PSC’ S

BT,CH BT,DIS
pETeH p

RPV
SoE®“, SoE®"
Use ¢
USUB yPV-BT
UCH , UDIS
Pty

7%

¢

E. Parameters

Pial
CpsCysCh

csc 5 Cpr

619\]/\4 > Ccur
Csus» €co,
¢

k,,k,

RSC

USC BT Y

Charging and discharging powers of supercapacitor (W)
Charging and discharging powers of battery (W)

Solar irradiance (W/m?)

SoEs of supercapacitor and battery (%)

Terminal and capacitance voltages of supercapacitor (V)
Voltages of traction substation and PV-battery (V)

Charge and discharge voltage thresholds of DHESS (V)

Scenario and its probability
Binary indicator of battery charging/discharging

DHESS operation mode

Area of PV arrays (m?)

Weight coefficients of intraday objective

Unit costs of supercapacitor and battery operation ($/MWh)
Unit costs of PV operation and curtailment ($/kWh)

Unit costs of electricity and carbon trading ($/kWh)

Equivalent capacitance of supercapacitor (F)

Coefficient of carbon emission and quote (kg/kWh)

Resistance of supercapacitor (£2)

Efficiencies of supercapacitor, battery, and PV

4.1 Background

The integration of distributed photovoltaics (PVs), regenerative braking (RB)

techniques, and energy storage devices has become crucial to promote energy

conservation and emission reduction for a sustainable future of urban rail transit (URT)
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TNs. Nowadays, different aspects of distributed hybrid energy storage system
(DHESS)-integrated traction network (TN) energy management have been studied in
previous works (literature reviews in section 1.3). However, a multi-time scale energy
management strategy to fully utilize inherent temporal and spatial operational
flexibilities of TNs regarding energy generation (both PV and RB energy) and storage
(DHESSSs) for promoting renewable energy utilization and low-carbon economic TN
operation requires comprehensive consideration (network-level challenges in
section 1.4). Therefore, this chapter focuses on developing a multi-task multi-agent
reinforcement learning-based multi-time scale energy management (MTMARL-
MTSEM) approach for the economic and low-carbon operation of TNs with PV—RB
DHESSs at the 3™ (network) level. Specifically, the main contributions of this chapter
are outlined as follows:

* A tri-level MTSEM framework is proposed for optimal synergies of TN
operation with solar generation to minimize the overall cost. A two-stage
stochastic scheduling approach is developed on a long time scale to minimize
daily operation and carbon trading costs at the upper level and correct day-
ahead scheduling deviations at the middle level. Compared with previous
frameworks, a lower level is added to coordinate RB energy recycling and PV
energy consumption optimally on a short time scale for further cost reduction.

* A MTMARL-based real-time energy management algorithm (MTMARL-
RTEMA) is proposed to optimize PV-RB power flow and promote its
utilization by coordinating DHESSs, and the DHESS control problem is
formulated as a decentralized partially observable Markov decision process

(Dec-POMDP). An MTMARL algorithm based on monotonic value function
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factorization, recurrent experience replay (RER), and knowledge transfer (KT)
is developed to solve the Dec-POMDP effectively. A generalized and
decentralized control scheme can be formed and adapted to different train
service patterns and network uncertainties without knowing precise system
models and uncertainty parameters.

* A Copula-based spatial-temporal dependency model is devised to characterize
uncertainties of PVs, multi-station passenger flows, and multi-train traction
loads. Latin hypercube sampling (LHS) is employed to generate typical daily
TN operation scenarios for enhancing day-ahead and intraday decisions.

Finally, comparative studies are implemented to validate the effectiveness of the

proposed approach. Section 4.2 illustrates the problem formulation, including the
structure, operation modes, and modeling of the studied TN. Section 4.3 presents the
proposed MTMARL-MTSEM approach, including detailed energy management
methods at the upper, middle, and lower levels. Section 4.4 reports case studies and

their results. Section 4.5 gives the summary.

4.2 Problem Formulation

4.2.1 Structure and Operation Modes of Traction Networks with

Distributed Hybrid Energy Storage Systems

To consider the impact of PV integration, a PV access scheme is proposed [20]
(Fig. 4.1(a)—(b)). The PV is connected to the TN and battery via a single-input dual-
output DC/DC converter. The battery and supercapacitor are connected to the traction

network via a bidirectional DC/DC converter.
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Due to the changes in daily train service patterns and the significant temporal
mismatch between peak PV output and peak passenger demand in the morning/evening,
the cost-effectiveness of PV integration can be undermined. For example, the peak PV
output generally occurs at noon, which is the off-peak hour of urban rail operation.
During this off-peak hour, the train headway is large, which means that fewer train
services will be provided. Besides, the number of passengers is also smaller. Hence, it
is reasonable to store excessive PV energy during periods of low passenger demand for
later use to maximize PV usage. Besides, considering the uncertainty of PV output,
energy storage devices are also needed to facilitate continuous and stable renewable
energy supply. Batteries that possess large capacities can be utilized for these functions.
However, the timing of storing PV energy should be considered to minimize the overall
daily cost of URTs. Therefore, we designed two different operation modes for the
distributed PV-battery system to manage the timing for PV energy storage and
utilization, namely, the low-demand mode (LDM) and the high-demand mode (HDM).

In the LDM, the output portal from the PV to the TN is off. The PV can only charge
the battery. The traction substation rectifier and supercapacitor provide energy for
trains. The charging/discharging of the supercapacitor is determined based on the
traction substation voltage [132]. It charges when the traction substation voltage rises
above the charge voltage threshold and discharges when it drops below the discharge
voltage threshold. In the HDM, the output portal from PV to the TN is on, and the
supercapacitor operation is similar to LDM. The PV and battery can supply the TN
when the traction substation voltage drops below the discharge voltage threshold.
Considering its limited power, the battery will not absorb energy from the network to

avoid excess charging and extend its lifetime. Therefore, the PV-battery operation is

116



Chapter 4

similar to LDM when the traction substation voltage rises. In this chapter, a binary
signal ¢ €{0,1} distinguishes LDM and HDM, where 0 represents the LDM, and
represents the HDM. Considering the limited roof area of the station, the installed PV
capacity generally cannot satisfy the traction energy demand alone. Hence, the energy
flow from PV to the battery can be ignored in the HDM, and the output portal from PV

to the battery can be treated as closed.

—>» Power flow > Signal flow
Agent 1 < » Agent 2

7] i ‘: g
) ':

Supercapacitor Supercapacitor

T T
SC,CH SC,CH
Pl,p,f P 2,p,t

PSU SUB
2.p,t

LL pscois Supercapacitor Supercapacitor pscois axC ol
SP5l : : 2,p,t
psc.C - . psc.cn
1Lp,t 2,p,t
PpETDIS Battery Battery BT,DIY|
“m00 Dom=
PBT,C . PBT,CH
Lp,t 2,p,t
Plsmzl T lPZSqE?'
2Py 4 i
- ,
PV PV
y Pip. L PV Pyt ,
T £, 4
____________________________ =l =hi =N

Train Train

(b) High-demand mode

Fig. 4.1 (a) Low-demand and (b) high-demand operation modes.
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Through the above analysis, it can be concluded that LDM and HDM can be
realized by controlling the on/off of the portals of the single-input dual-output DC/DC
converter. It is worth noting that, for pure optimization purposes, LDM can be regarded
as a special situation of HDM where all PV-battery system outputs are zero.
Nevertheless, considering their physical realization and control signal settings in the

actual operation, we distinguish these two operation modes in this work.

4.2.2 Modeling of Traction Networks with Distributed Hybrid

Energy Storage Systems

The DHESS-integrated TN model is shown in Fig. 4.2, where traction substation
and train models are the same as (3.2)—(3.3). Nevertheless, considering the operation
modes in subsection 4.2.1, the PV-battery system is modeled as an equivalent constant
current source [ 172] to replace the battery model in (3.7)—(3.8). Besides, due to its large
capacity, the battery generally does not reach the state-of-energy (SoE) limits within
seconds. Therefore, the battery SoE limits are considered with the long time scale An.

For supercapacitor, (3.9)—(3.10) are modified as

US;CJ,z = Ui?p,t - Ifg,tRSC’ Ui(,:p,t = Ui(,:p,tfl - ]ngAt /e ’ (4' 1)
C c \? SC pSC /._SC
Ui,p,t \/(Ui,p,t) 4R Pi,PJ /77 pSC _ pSC.DIs
sc 2R5C o
5, = . 4.2)
c C SC, SC pSC
~ Uips _\/(Ui,p,t) —ARTITE pSC _ pSc.cH
2RSC 5 i,pt — Ti,p,t
The SoE of the supercapacitor is constrained by
ve Y
SO, (—MJ . SoEY, <SoES, <SoES,. @3)
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The power flow of such TNs is calculated by (3.11)—(3.13) and (4.4), where we

use (4.4) to replace (3.14) for obtaining nodal current under the situation of DHESSs.

]s :]SUB +(E,spc,t +PPV-BT)/U§UB (4_4)

ipt = it ip,t IR

LyL
R I/\',H-l,p,l

. SUB
[]A”;I RLI}‘;LHI,/J,/ : :1i+1,p,t
szf,,p,, ;

= x

g SUB

= E[R [PV | BT | sC |

- =

»n SUB

BR TR U,
>(177711,,fu)p1c,,01 S 7
/ v Tn = ’

i T R%¢ 3
; = —Ipc US g
et 5 *sc Lpti g
e g Ui 2
< -/ D¢ SC g
Iip[ e

Fig. 4.2 Equivalent circuit model of TN with PV-RB DHESSs.

43 MTMARL-MTSEM Approach
4.3.1 Approach Overview

The proposed approach is essentially a tri-level energy management framework
(Fig. 4.3). At the upper level, a day-ahead scheduling plan of operation mode ¢ and
referential PV-battery energy E™ is formulated to minimize the daily operation cost.
Meanwhile, the day-ahead referential traction substation power P°“®, supercapacitor
SoEs SoE®“, and battery SoE®' are generated. At the middle level, an intraday

scheduling plan of intraday referential PV-battery energy E™"™' is formulated. to

minimize the operation deviation from the day-ahead schedule. Specifically, the
deviation includes P°®, SoEC, and SoE"', and the optimization is performed

repeatedly with a finite time horizon. At the lower level, according to E™"™" | the real-

time PV-RB energy utilization is optimized by formulating the DHESS control

119



Chapter 4

problem into a Dec-POMDP and solving it with MTMARL. A penalty term J” . and

sz

a reward term Ar are utilized to follow the intraday schedule. The optimal solution
consists of the real-time charge/discharge voltage thresholds of each HESS and the real-
time power allocation between each PV-battery and supercapacitor. For upper and

middle levels, the time scale An =15 min. For the lower level, the time scale Ar=1 s.

-
Day-ahead scheduling - D;g;?:j::ﬁcoonst
> * * i §
Day-ahead PV-battery energy Day-aheadss:l;)sstatlon power,
L y oo l)
ref SUB SC BT
P,"’ i,p,n L I)’ Pa",SOEl Py ”’SOE’ P51y
~
Intraday scheduling ‘ Operz.ltl'on' de:natlon
minimization
+ il
Intraday PV—battery energy Intraday ssli)l;:s:atlon power,
{ y eee J
ref,int
§p,n’Ei,p,n VL
7 )
& [ulti-HESS contre ‘ Dec-POMDP design %
< & MADRL training || (<
[ =]
w [ v 12 1 =
2 %
5 Threshold control Power allocation =
§ S J 2
2] UCH DIS PV-BT @
i,pst2 ™ iypoly (2R
N
RTN operation scenario generation - TN modeling -
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] ﬁ 0O0Bo ﬁ
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\\. J
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A
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>
An nr—
n+tl—
N ooo—}j

Y
Intraday rolling optimization
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Fig. 4.3 Tri-level framework of MTMARL-MTSEM.
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4.3.2 Upper Level

4.3.2.1 Objective
The overall daily cost is (4.5), and each scenario p has an occurrence probability

/,- Specific cost terms are demonstrated in (4.6)—(4.12), including electricity trading

cost J5.%, supercapacitor operation cost J , battery operation cost J_, , PV

A%

n?

operation cost J7 , PV curtailment cost J;)*, and carbon trading cost J§) . Based

on the current carbon trading mechanism [173], ¢, 1s the carbon trading price, £,

and £k, are the carbon emission coefficient and carbon quote coefficient, respectively.

pyn ., pCT, PO pRitt pEEPS PPy, and POUY denote the purchased

i,p,n 3 ipn Lp.n 2 Lp.n 2 i,p,n ’ i,p,n?

power, supercapacitor charging/discharging power, battery charging/discharging power,
PV power, and PV curtailment, respectively. N and [ are the number of time steps
OoM oM

with An and the number of traction substations, respectively. cq g, Co > Cor s Cov s

and ¢,z are the prices for energy purchasing, supercapacitor operation, battery

operation, PV operation, and PV curtailment, respectively.

mingjzanZ‘pr, (4.5)
Tom = g+ g+ T+ T+ T (4.6)
J EUB = Z::l CSUBE,S/EEA”’ 4.7)
o= e B+ B )An, (4.8)
o =2 chr (B + B, (4.9)
IR = NP An, (4.10)
oot = 2o dn, (4.11)
IS =D o, (b, kP An. (4.12)
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4.3.2.2 Energy & Power Balance Constraints

¢,, and E® = in(4.13) can be utilized by MTMARL-RTEMA as the reward in

i,p,n
(4.33) to determine P’);°" at the lower level. Then, the power flow is solved with

PV-BT
Fpi

. Finally, the energy terms in (4.7)—(4.8) can be obtained by summing up their

counterparts with A¢ by (4.14)—(4.15). The power balance is shown in (4.16)—(4.17).

T is the number of time steps with Az.

ref T 5PV-BT
ConErpn =Dy Fons A, (4.13)

SUB T . .SUB ;SUB
P hAn=Y" URL VAL (4.14)

T
(B + B )an =30 (B + B ), (4.15)
ref
PPV _PCUR _ é/p,n i,ep,n +PBT,CH _PBT,DIS (4 16)
i,p,n i,p,n An i,p,n i,p,n *
CUR PV

0< PSR <p™ . (4.17)

4.3.2.3 DHESS Charge & Discharge Constraints

The supercapacitor behaviour is modeled by (4.1)—(4.3), where its SoEs are also
constrained by (4.18)—(4.19). The battery behaviour is modeled by (4.20)—(4.22), where
simultaneous charging/discharging event is prevented by (4.21). »°" is the battery

charging/discharging efficiency.

SoEii’N = SOE?E,1 , (4.18)

SOEE/T,,N = SOEZT,,1 , (4.19)

SoE i, SSOE]]  <SoE.. . (4.20)

0<BLS <=0 s OS P <, P (4.21)
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BT,DIS

SOE . =SOE o1 + (7 B~ gan (4.22)

4.3.3 Middle Level

The objective and constraints of the middle level are defined in (4.23)—(4.27).

SUB
PU

S is the day-ahead substation power. SoE}

i,pn?

and SoE;  are the day-ahead SoE

of supercapacitor and battery, while SoE}", and SoE})N' are the corresponding

PV,INT CUR,INT SC,CH,INT SC,DIS,INT BT,CH,INT
Pi,p,n ? Pt',p,n > B,p,n > E,p,n > Pi,p,n 4

intraday variables, respectively.

BT,DIS,INT
P,

and P

are the corresponding intraday PV and DHESS power variables. c,,

¢,,and ¢, are weight coefficients. 7. is the time horizon. The intraday scheduling is

performed by: Step 1: At time #, based on current states (PV outputs, energy storage

states, and traffic flows), perform optimization for time n+1, ..., n+t., ..., n+T

Step 2: Apply results only for time n+1. At time n+1, update system states and

repeat step 1.

. T, 1
min JlNT — Zt,_l Z[_l [Cp (PSUB,INT _ PSU? )2

L., i,p,

+¢,(SOE;SNT —SoESS | )? +¢,(SoEF N —SoERT )], (4.23)

st (3.1) = (3.6),(3.11) — (3.14),(4.1) — (4.4), (4.18) — (4.22),

Cpiy Eir,epf’,IthT - Z; Pi?p\:BTAt ’ (4.24)

BN =Y UL (4.25)
(RSN + RPN ) An =37 (RS + RS ), (4.26)
B})p\fiNT _ ESDI,JEJNT _ 4 p,t,Ai%IjT . E}gp—r’;rCHJNT _ EiT;?IS,INT. (4.27)
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4.3.4 Lower Level

4.3.4.1 Task Representation & Dec-POMDP

The illustration of the lower-level energy management, namely, the MTMARL-
RTEMA, is shown in Fig. 4.4, where each HESS controller is considered an intelligent
agent. First, the DHESS control problem is formulated as a Dec-POMDP. Generally,
the Dec-POMDP contains <I ,S,0,A,R, T, y) . Developed from the Markov game
introduced in subsection 1.3.1.1, an observation set O 1is added to indicate that the
environment is partially observable to the agents. The task representation is the same
as subsection 3.3.3.1. Then, the Dec-POMDP is solved by the proposed MTMARL

algorithm.

Knowledge

(C KTL ) - (C KTi ) - C KII )i

7
Loss update

Multi-train operation PV-battery schedules _51—>< Mixing network

Train 1 Train K PV-BT 1 PV-BT /
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mEpy == A0 | D

PV output

—
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= i i+2 J E
Station ¢ - o i o&% -

' L L g TR w i 9768 b
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Fig. 4.4 Overview of MTMARL-RTEMA.
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4.3.4.2 State & Observation

o;, comprises two parts: a) train operation status in the adjacent sections

it

direction 4™

TR TR
X; and x, Lkt

(i-1i) and (i,i+1), including position x}, koo

TR T TR : : : :
and d,, ,,,and power A}, = and B, . If no train runs in adjacent sections,

0, ={0,0,0,0,0,0} . b) local traction substation information, including the local

the local available PV-battery energy AE™  , and the

supercapacitor SOE SoE’¢ it

iLpit?

uM® and 17V°

i ips - s€S includes all observations and

local traction substation output

other environmental information. o,, is defined as

TR TR TR TR TR TR
{xi—l,k,p,t’di—l,k,p,t’E’—l,k,p,t’xi+l,k,p,t’di+1,k,p,t’B+l,k,p,t}’
0;, = (4.28)
it .
’ sC ref SUB 7SUB
{SOEi,p,t ’AEi,p,t ’Ui,p,t ’[i,p,t }’
A Eref _zEref,lNT _ZIPPV—BTAt 4.29
Lot N i,p,n 171,00 : ( : )

4.3.4.3 Action

a;, includes the charge/discharge voltage thresholds (U}, and U?Y) and the
power P!, Since the battery will not charge from the network, P"*' =0 when
the traction substation voltage rises higher than the no-load voltage.

4, ={US UPm B . (4.30)

4.3.4.4 Reward
The Dec-POMDP of the lower-level energy management is essentially a fully
cooperative game. In such a game, all agents share the same reward r, at each time

step. Similar to subsection 3.3.3.2, r contains the minus of the total electricity trading

cost J;.7 and operation cost J, at ¢. Besides, at the final time step T, a cost

125



Chapter 4

term JP ;. is added to penalize any deviation from the referential set-point £/

Nevertheless, J, , is a sparse cost term which may result in difficulty in connecting

a long trajectory of actions to a distant reward [174]. Therefore, Ar is designed. It

rewards the usage of PV-battery energy when El‘ep“;” has not been reached while

penalizing such usage when E/5¥" has been reached.

(ISR I+ ID  +A), t=T,

1,p,t 1,p,t i
= (4.31)
_(JEEE + Ji(,)pN,[t + A”), Otherwise,
OM I [ oM|psc OM , OM\y pPV-BT
Jipa = Zizl[csc |25+ (3 + DB }At, (4.32)
D _ 1 ref
Ji,p,T - Zi:1cD ‘AEi,p,T‘a (433)
| epPPTAL AES >0,
Ar = Zi:l PPV-BTA AEl‘ef < O (434)
—Cpli,, Al it =V

4.3.4.5 State Transition

: : TR TR TR TR TR TR
The train operation status {x,-,l’k’p,,,di,l,k,p’[,Bflyk,p’t,xm’k,p,t,dm’k,p,t,Pm,k’p’,} and

: SC SUB SUB f
observations that are dependent of a;, (e.g., SoE;,,, U;,,, I.,;, and AE" ) are

updated as illustrated in subsection 3.3.3.3. Besides, in order to characterize the state

transitions that are independent of «,,, a comprehensive spatial-temporal dependency

i1
model is devised to generate TN operation scenarios, as illustrated in subsection 4.3.4.7.
4.3.4.6 Training Algorithm

We develop an MTMARL algorithm based on monotonic value function
factorization (QMIX) [39] with RER [175] and KT for training the RTEMA

(Algorithm 4.1). The QMIX adopts a centralized training and decentralized execution

mechanism with recurrent neural networks (RNNs). In training, apart from individual

126



Chapter 4

agent networks, a centralized mixing network is added to evaluate the joint action-value
function Q,, of all agents. In execution, the centralized mixing network is removed,
and each agent works with its well-trained agent network. Q,, is obtained by

argmax Q, (Kl’t , al’t)
argmax O, (x,,a,) = : , (4.35)

argmax O, (k ., )

% >0, Vi, (4.36)

where Q, represents the Q value of agent i. «;, ={oi’0,---,o,.,,} is the observation

history, k={x,---,k;} and a={a;,---,a,} are the joint action-observation history and

joint action, respectively. The loss function of QMIX can be written as
1 . 2
E(p ZWZmln(y_th (Kw’awﬁsw)) > (437)

where y=r+yQ., (Kw,argmax Oror (K15 @yyi158,041 )5S ) is the training target of the

P w+l
target network in RL. W is the sample batch size from the replay buffer.

For RNNs, their recurrent state ¢ is stored in the RER and used to initialize the
network when extracted from the buffer. A warm-up process is adopted where a portion
of the history trajectory will not be used for network update. This is to mitigate the
inaccurate outputs of RNNSs in the first few time steps due to representational drift and
recurrent state staleness. Therefore, considering the task representation and the warm-

up process, the loss of QMIX in (4.37) is extended to a task-based loss
1 . , 2
E(/) =th:zmln(y _Qtol (Kw’awsw;lr )) 2 (438)
where y'=r+y0p, (K, .argmax O, (K, 1.@,.1.8,130,):8,,:0,) » 1, is the length of the

history trajectory used for updates.
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Moreover, to deal with multiple tasks, the knowledge transfer approach with
several learning tricks is applied to rapidly and stably learn the decentralized DHESS
control policy incorporating common knowledge. These skills are illustrated in

subsection 3.3.4.2-3.3.4.3.

Algorithm 4.1 MTMARL-RTEMA Training.

1 Initialize QO network with ¢, routing network with ¢, mixing network with

», , target network with ¢' < ¢, and replay buffers B,,---,B,, .

2 For episode = 1, Max do

3 Sample a task from the task set to initialize learning environment

4 Receive the initial global state s,

5 For control interval t=1, T do

6 For agent=1, I do

7 Receive observation o,

8 K <K, Y {(ol.’t,al.,t_l)}

9 Select a,, with u(a,,|o,,,z) and e-greedy, obtain 7 and o,
from environment

10 Store (x;,,a,,.7;,k;,,1.6;,) to B, based on headway task z,

11 Sample W transitions (x,.a,.r,.k,.-c,) fromeach B,

12 Obtain the hidden state ¢,, with the first stored recurrent state ¢,

13 Obtain Q,, with mixing network by (4.35)—(4.36)

14 Calculate loss £ by (3.33)—(3.34) and (4.38), update ¢,¢,.,0,,1

15 Soft update: ¢’ « zp+(1-17)¢’

4.3.4.7 Operation Scenario Generation Method
The TN operation scenario is generated by Fig. 4.5. In subsection 3.3.2, the DTM
accounts for the intrinsic uncertainty of passenger flows, delays, delay-induced RTTR,

and train resistance. In this subsection, we also quantify solar generation uncertainty
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using the Copula theory. The Copula model of solar generation is similar to (3.22)—

(3.24), where DPV power P replaces variable N

o Since PV power is closely

n*

related to solar irradiance R", we simulate the PV power generation by PVsyst, a PV

system simulation software with various PV module models.

v
Annual solar Passenger Train & line
1rrad1at10n statlstlcs data

| Data collection & preprocessing |
|

v v
Spatio-temporal parameters Other parameter
B PV TR B
NI .0, n’R P, 1 E N
v

Spatio-temporal characteristics extraction
1) Build the spatio-temporal correlation model of the variable in
each individual substation and each time step.
2) Construct the joint spatio-temporal distribution using (3.20).
3) Calculate conditional PDF and CDF using (3.21)-(3.22).

v
Scenario generation
1) Using Latin hypercube sampling to obtain sufficient data from
the conditional CDF through inverse transform. €«
2) Perform the RTTR.
3) Calculate train power using (3.30).

End

Fig. 4.5 Flowchart of scenario generation.

4.4 Case Study

In this section, a detailed analysis of the aforementioned formulations and
algorithms is conducted. First, the configuration method of distributed PVs and
DHESS:s is illustrated. Then, the optimal day-ahead and intraday scheduling results are

demonstrated to illustrate the effectiveness of energy management at the upper and
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middle levels. Several impact factors are investigated, including the impacts of energy
management framework structures and prediction levels of PV and passenger flows.
Besides, the optimal real-time control results are demonstrated to illustrate the
effectiveness of energy management at the lower level. The impacts of control
optimization algorithms and schemes are discussed. The training and test performance
of MTMARL-RTEMA is verified by comparing it with other learning-based algorithms.

In addition, the impact of different control schemes is also analyzed.

4.4.1 Setup

The description of the subway line and train data used in the case study is presented
in subsection 3.2.4.1. The carbon emission quota and cost is obtained from [176], where
k,=1.303 kg/kWh, cc, =6.15 $/t. The day-ahead scheduling is solved by stochastic
programming, and 1000 initial scenarios are generated. Since An=15 min, the time
horizon N=96 to represent 24 h. To decrease the computational cost, K-means clustering
is utilized for scenario reduction, and 9 scenarios are retained with probabilities 0.090,
0.107,0.113,0.089, 0.106,0.112,0.111, 0.132, and 0.140. The PV power and passenger
flow profiles of each scenario are shown in Fig. 4.6, and their correlations are shown in
Fig. 4.7. The configuration method for PVs is illustrated in subsection 4.4.2, and the
passenger flows are generated by the historical OD and arrival rate tables. The intraday
scheduling is performed by GA with 7.=1 h. The population size is 40, the crossover
fraction is 0.9, and the mutation fraction is 0.1. The intraday PV output and passenger
flow predictions are assumed to increase from the day-ahead prediction by 15%. They

are added with a random error as the actual value. The random error is subject to Normal

distribution with a 5% standard deviation. ¢, =c.=c, =1.
p s b
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Scenario

Time (h)

(b)
Fig. 4.6 Typical (a) PV output and (b) passenger flow scenarios.

Table 4.1 MTMARL-RTEMA parameters.

Parameter Value Parameter Value Parameter Value
& 10 H 3 Buffer capacity 220
T 5x10 L, 30  Exploration policy 1—0.05
7 0.998 w 43 Transition length 60
A 1—0.05 Optimizer Adam

For MTMARL, the parameters of the MTMARL-RTEMA are listed in Table 4.1.

The agent network is formulated as follows. Each agent network has two fully

connected layers with 64 units and ReLU non-linearity to obtain the inputs of the

routing network. Then, these layers are followed by two “soft” layers, where each “soft”

layer consists of two modules. Each module has two hidden layers with 64 units and
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ReLU non-linearity. These “soft” layers aim to handle the task-level coordination [69].
Moreover, a GRU layer with a 64-dimensional hidden state is added to deal with the
partial observability issue of the Dec-POMDP. Finally, the dueling architecture [45] is
implemented after the GRU layer to improve the network performance. As for the
mixing network, it consists of a hypernetwork [39] and a single hidden layer of 256
units with an ELU nonlinearity. The hypernetwork also has a hidden layer of 256 units
with ReLU nonlinearity, which conditions the weight of the mixing network on state
s 1nan arbitrary manner, thus flexibly integrating state s into the Q value estimation.

The agent adopts e-greedy exploration. Since the learning environment is much
more complex than the HESS-integrated traction substation operation in chapter 3, a
larger value of exploration rate is reserved at the end of training to encourage policy
exploration. Thus, the exploration rate in this case study reduces linearly from 1 to 0.05
and remains constant at 0.05 after 5000 episodes. The knowledge transfer trade-off A
reduces linearly from 1 to 0.05 and remains constant at 0.05 after 2000 episodes. The
time scale Ar=1 s. Since train services are periodic, the time horizon 7 is equal to
the time of the headway. To implement the RER, each transition that is randomly
extracted from the replay buffer is clipped to have the same total time steps of 60. 7.
is set as 30 to balance the time steps for recovering the start hidden state and network
updates. The initial scenarios are also utilized as the training set for MTMARL—
RTEMA, while 400 random scenarios other than the training scenarios are generated to
construct the test set. We generate 50 random scenarios for each headway under LDM
and HDM, respectively. The task and delay settings are the same as in subsection 3.4.1.

The stochastic programming is conducted by Gurobi 10.0.0, while the genetic

algorithm is performed with a Python library PYGAD 3.3.1 using parallel computing.
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The MTMARL is implemented by PyTorch 1.12.1. All simulations are performed with

Python 3.9.13 on the same device in subsection 2.4.1.
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Fig. 4.7 (a)—(b) are PV spatial-temporal correlations, (c)—(d) are passenger spatial-
temporal correlations, (e)—(h) are marginal CDFs for (a)—(d). The demonstration uses

traction substations 1 and 4, and time periods 57 and 58.
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4.4.2 Configuration Method for Distributed Photovoltaics and

Hybrid Energy Storage Systems

For simplicity, distributed PVs and DHESSs are assumed to be installed at each
station with the same configuration. The configuration of distributed PVs is illustrated
as follows. Since no PVs are actually installed in the studied subway line, a reasonable
PV size for each station should be considered. We first obtained the latest hourly solar
irradiance R"™ of nearby areas from a public database [177]. Then, a PV generation
model is established. The azimuth angle is set as 0°, and the array is tilted at 30°. The
parameters of the PV array are listed in Table 4.2, where the maximum efficiency of the
assigned inverter module is 97%. Next, the available area for PV installation is
determined according to a recent survey [10], in which the rooftop PV potential
assessment of an elevated metro station in a nearby area was studied. Thus, the total
rooftop area of all elevated stations in the case study is set at around 2700 m?, where
the skylights account for around 30% of the total rooftop area. Taking the laying gaps
and maintenance aisles into account, we assume that 16.4% of the total rooftop area is
occupied by PV arrays. Finally, based on the above PV generation model, the average
daily distributions of PV power generation at each station can be obtained, and their
correlations are calculated. However, considering the spatial grid cell size of solar
irradiance data is 2 kmx2 km, there are some distances between the subway station and
the nearest data point. The spatial correlation calculated from these data points may not
represent the correlation at the station’s location. Hence, we use an empirical correlation
equation [ 178] to calculate the spatial correlations according to the distances of stations

from each other. The economic parameters of PV are obtained from [103, 179].
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Fig. 4.8 Total power of all traction substations without DHESSs in typical operation
scenarios under (a) 350s, (b) 540s, and (c) 660s headway.

The configuration of DHESSs is illustrated as follows. The economic and
technical parameters of supercapacitor and battery modules are listed in
subsection 3.2.4.1. Empirically [121], the power of DHESSs should be large enough
for peak traction power shaving. Since the supercapacitor generally provides most of
the power of the HESS, the peak traction power of the traction substation is roughly
selected as the rated power of the supercapacitor. Fig. 4.8 shows traction substation
power curves of different train headways in typical operation scenarios without
DHESSs. According to the figure, the highest traction substation power occurs when
the headway is 540 s, and its value is 3.5 MW. Considering that the battery will also

provide power, the total rated power of supercapacitors are set as 2.8 MW, where each
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station has a supercapacitor of 700 kW. As the rated power is determined, other
parameters of the supercapacitor can be obtained according to its type.

Then, since the battery capacity should be large enough to store the daily PV
energy, an iterative method is developed, and the procedure is illustrated as follows: 1)
Set an initial battery capacity, which is a relatively small value, e.g., 10 kWh. 2) Perform
the day-ahead optimization to obtain the PV curtailment powers in each scenario. 3) If
the curtailment occurred, increase the battery capacity in steps, and repeat 1)-2).
Following the above iterations, the marginal battery capacity that avoids PV curtailment
can be obtained. Finally, the DC-DC converter data is obtained from [154]. To match
with the converter, the parallel number of supercapacitor and battery modules is 14 and

292, respectively. The maximum C-rate of the battery is limited to 1.25.

Table 4.2 Technical and economic parameters of HESS and PV.

Item Parameter
EZT =160 kWh P2 =200 kW
EX =7.5kWh E™ =0.75 kWh
Battery

SoE>! =0.8 SoEX! =0.2

car =1 $/MWh n°"=0.8
EC =6 kWh P3¢ =700 kW
SoESC =0.9 SoE’C =0.25

Supercapacitor R*=11 mQ C5°=94 F
7°¢=0.95 I3 =1040 A

=75 $/MWh

A =443 m? 7™ =13.58 %
o C.= Ccur> AEziepf,t >0, 019\]/vl =4.5 $/MWh
D CSUB’ AE;’e;’t S 0. CCUR :0.26 $/kWh

136



Chapter 4

4.4.3 Analysis of Day-Ahead and Intraday Scheduling Results

4.4.3.1 Day-Ahead & Intraday Scheduling Results

In this subsection, the optimal day-ahead and intraday schedules are demonstrated.
First, Fig. 4.9 shows the day-ahead power balance. It can be observed that the maximum
traction power demand occurs during peak hours 8:00-9:00 and 17:00-19:00. Generally,
DHESSs charge during off-peak hours between 9:00-16:00 and discharge during peak
hours between 16:00-19:00. As a result, the peak substation power during evening peak

hours can be reduced. Besides, a substantial amount of train braking energy is directly

utilized to supply traction load.

I Traction [ JHESS [ |Loss BBPV [ JSubstation [__|Braking|

Power (MW)

Time (h)

Fig. 4.9 Day-ahead power balance.
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Fig. 4.10 Optimal (a) day-ahead and (b) intraday PV-battery powers.

Then, the optimal intraday schedule is demonstrated, where Fig. 4.10 illustrates

the day-ahead and intraday referential PV-battery energy E™ at different traction

substations. Since the intraday prediction of PV outputs is different from the day-ahead
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perdition, if the operation of the PV-battery is based on the day-ahead schedule,
curtailment of PV power can occur, with consequent increasing operation cost. From
the figure, it can be observed that, according to the correction, E™ during peak hours

are generally larger than during off-peak hours to meet the load demand. E™ is zero
in some time steps, which represents LDM. HDM is in effect for other situations. LDM
and HDM are switched optimally to minimize the overall daily operation cost. Since
is larger than its day-ahead

the intraday predictions increase, the intraday E™

counterparts in general to avoid PV curtailment.
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Fig. 4.11 SoEs at traction substations 1-4 (a)—(d), and (e) total substation power!.

'DA: day-ahead, INT: intraday, NRO: no rolling optimization, BT: battery, SC: supercapacitor.
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Table 4.3 Comparative correction performances.

MRAE of SoE MRAE of substation power
Scenario
INT (%) NRO (%)  INT (%) NRO (%)
1 3.90 6.55 6.09 6.37
2 4.27 6.68 6.59 7.35
3 4.33 6.78 7.05 8.02
4 4.21 6.80 5.35 6.24
5 4.48 7.03 5.81 7.00
6 4.35 7.27 6.67 7.82
7 4.70 7.21 5.38 6.11
8 4.94 7.61 6.34 7.09
9 4.80 7.28 6.21 7.51
Avg. 4.44 7.02 6.17 7.06

To further illustrate the performance of the intraday operation deviation correction,
Fig. 4.11 compares the intraday correction terms (DHESS SoEs and total substation
power) with and without the middle-level energy management. From the figure, the
operation deviations resulting from passenger flow and PV generation uncertainties are
smoothed by the intraday correction. The mismatch between actual energy consumption
and the schedule plan is compensated. In order to quantify the correction performance,
the mean relative absolute error (MRAE) is introduced to calculate the average of the
absolute value of the difference between the intraday and day-ahead variables.

/ ‘SOESC INT _ g ESC

;N ‘SOEBTINT_S EBT ‘

1 il i,p,n i,p,n i,p,n i,p,n
MRAE( . =— + , (4.39)
N seES,  T&& sa,
GRIDINT _ »GRID
pSUB Fzz PGRID : (4.40)
i=1 n=1

i,p,n
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From Table 4.3, the proposed rolling optimization in the intraday can effectively
track day-ahead scheduling plans. The MRAE of SoE and traction substation power can

be reduced by 36.75% and 12.61% compared with non-rolling optimization.

4.4.3.2 Impact of Energy Management Framework Structures

In this subsection, the effectiveness of the proposed tri-level structure is verified,
where the following frameworks are compared: 1) The proposed framework (PF). 2)
Real-time PV-battery output control (RPOC): A real-time energy management strategy
similar to [131], while we add PVs and passenger flows for comparison purposes. 3)
Day-ahead scheduling (DAS): Similar to [180], while their model is extended to involve
multiple stations for comparison purposes. To simulate the situation of no control

strategy, the charge/discharge thresholds are fixed and close to the no-load voltage,

which maximizes the DHESS usage. U/}, =865 V, U]" =855 V. Meanwhile,

PPVBT = pBl - regardless of operation modes. 4) Day-ahead and intraday scheduling

i,p,t max

(DAIS): Similar to [134], while we add passenger flows and train service patterns for
comparison purposes. 5) Maximum PV-battery output (MPO): the basic framework

which utilizes the maximum PV-battery output at each time step.

Table 4.4 Comparative performances of frameworks 1-5 under prediction level 1.

Item PF RPOC DAS DAIS MPO
Overall cost ($) 595.81 642.50 703.15 674.89 682.95
Purchasing cost ($) 502.15 515.02 610.01 601.82 599.21

Carbon trading cost ($) 14.18 1454 1722 1699 16.92
O&M cost ($) 58.13 5521 46.10 46.10 55.23
Curtailment cost ($) 21.35 57.03 2981 999 11.59
PV-RB energy utilization (%) 80.81 78.49 6731 6845 68.66

140



Chapter 4

Table 4.5 Comparative performances of frameworks 1-5 under prediction level 2.

Item PF RPOC DAS DAIS MPO
Overall cost ($) 610.16 650.17 727.33 696.76 695.40
Purchasing cost ($) 513.74 524.62 623.40 614.44 609.62
Carbon trading cost ($) 1450 14.81 17.60 17.35 17.21
O&M cost ($) 59.11 5649 47.66 47.66 56.99
Curtailment cost ($) 22.81 5425 38.67 1730 11.57

PV-RB energy utilization (%) 80.56 7855 67.51 6871 69.25

Table 4.6 Comparative performances of frameworks 1-5 under prediction level 3.

Item PF  RPOC DAS DAIS MPO
Overall cost ($) 551.92 591.59 628.75 626.18 636.62
Purchasing cost ($) 473.15 481.70 571.32 569.87 566.98
Carbon trading cost ($) 13.36  13.60 16.13 16.09 16.01
O&M cost ($) 51.48 48.81 38.75 3875 47.00
Curtailment cost ($) 13.94 4748 2.54 1.47 6.63

PV-RB energy utilization (%) 83.01 8038 6738 6747 6747

Table 4.7 Comparative performances of frameworks 1-5 under prediction level 4.

Item PF RPOC DAS DAIS MPO
Overall cost ($) 544.61 579.12 618.14 618.10 627.27
Purchasing cost ($) 466.74 473.74 563.20 563.00 560.05
Carbon trading cost ($) 13.18 13.38 1590 1590 15.81
O&M cost ($) 50.21 47.79 37.53 37.53 45.57
Curtailment cost ($) 14.48 4421 1.50 1.68 5.83

PV-RB energy utilization (%) 83.14 80.63 67.09 67.13 67.13

In Fig. 4.12(a). compared with MPO, frameworks 1-4 achieve average cost-

savings of 12.76%, 5.92%, -2.96%, and 1.18%, respectively. For DAS and DAIS, due
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to the lack of consideration of DHESS control in the short time scale, their average
operation cost is at least 13.27% higher than PF. Besides, the lack of day-ahead and
intraday scheduling plans in RPOC will also significantly increase the operation cost
compared with PF. Thus, leveraging the synergistic consideration of energy
management on both time scales, the proposed approach achieves more economic and

low-carbon TN operation than other frameworks.

4.4.3.3 Impact of Prediction Levels

In this subsection, the impact of various prediction levels of PV outputs and
passenger flows is analyzed. Based on the common range of prediction errors of PV
outputs [181] and passenger flows [182], four prediction levels are set for comparison.
For prediction levels 1-4, the intraday predictions increase from the day-ahead
predictions by 15%, 20%, -15%, -20%, respectively. Then, a random error is added to
generate the actual values. The random error is subject to Normal distribution with a 5%
(for levels 1 and 3) and 10% (for levels 2 and 4) standard deviation, respectively.

As shown in Table 4.4-Table 4.7 and Fig. 4.12, DAS and MPO generally have the
worst performance because they cannot deal with real-time uncertainties effectively.
Besides, PF achieves the lowest overall daily cost across all prediction levels, which is
11.98% (11.72-12.43%) lower compared with DAIS. According to the figures, it can
also be observed that PF has the best economic performance in all scenarios. In addition,
PF also achieves the highest PV-RB energy utilization and is 13.94% (11.85-16.01%)
higher than DAIS on average. Furthermore, the PV-RB utilization of RPOC and PF is
significantly higher than other approaches, indicating the effectiveness of real-time PV—
RB power flow optimization. Thus, the effectiveness of the proposed approach under

various perdition levels of PV outputs and passenger flows is verified.
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Fig. 4.12 Comparative operation costs of frameworks 1-5 under prediction levels 14
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4.4.4 Analysis of Real-Time Control Results

4.4.4.1 Real-Time Control Results
In this subsection, the real-time control behaviors of the TN are demonstrated.
First, the DHESS and PV operation under the normal operation condition is analyzed,

where Fig. 4.13 shows the DHESS charge/discharge voltage thresholds, and Fig. 4.14
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presents the charging (-) and discharging (+) powers of each HESS, as well as the
traction substation powers. For illustration purposes, the initial DHESS SoEs are set as
the minimum SoE. It can be observed that the voltage thresholds and PV-battery power
of each HESS are adjusted dynamically according to real-time TN operation states. The
DPVs and DHESS:s release energy to reduce traction substation output and shave peak
power during 0-50 s, 140-170 s, 220-260 s, and 330-350 s. Especially under HDM,
the PV power complements the deficiency of RB power generation during 0-50 s,
further reducing the traction substation power supply. In addition, a more significant
amount of supercapacitor energy is released during 225-260 s under HDM. This is
because the use of PV-battery power during 0-200 s reserves more available capacity
of the supercapacitor.

To further analyze the capacity reservation of supercapacitors under HDM, Fig.
4.15 demonstrates the SoE curves of supercapacitors. From the figure, due to the use of
PV-battery power under HDM, the SoEs of supercapacitors at stations 3—4 increase
sharply during 100-200 s, indicating a large amount of energy is reserved for later use.
Nevertheless, the SoEs at stations 1-2 decrease. To explain the reason, the train power
and displacement curves are drawn in Fig. 4.16. From the figure, during this time period,
train 1 is braking at sections 3—4. Train 2 stops at station 2 and then accelerates. Train
3 accelerates at sections 3—2. Therefore, the RB energy is mainly distributed between
stations 3 and 4, while the traction demand is mainly distributed between stations 2 and
3. Considering the contact line loss due to distance, it is reasonable to deliver the RB
energy to the supercapacitor at station 4 and supply the traction demand by
supercapacitors at stations 1-3. As PV-battery power covers part of the traction demand

under HDM, more RB energy is delivered to the supercapacitor at stations 3 and 4.
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From the above analysis, by implementing the proposed real-time control over
supercapacitors and PB-batteries, the DHESS capacity is flexibly adjusted to reserve
more RB energy, satisfy the traction load demands, and reduce contact line losses,

which ensures the network-wide cost efficiency.
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Fig. 4.14 DHESS and substation powers. (a) PV-battery powers under HDM
(under LDM, the powers are always zero), supercapacitor powers under (b) LDM and
(c) HDM, substation powers under (d) LDM, (e) HDM, and (f) no PV-DHESS.
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4.4.4.2 Impact of Control Optimal Algorithms

In this subsection, the effectiveness of the MTMARL-RTEMA on single-task and
multi-task learning is discussed. First, the following algorithms are compared to
illustrate the model performance on single-task learning. /) MTMARL-RTEMA-1:
Coordinated DHESS control is considered, while only adjacent train information and
local traction substation information are utilized. RER is used (Proposed). 2) OMIX:
the original QMIX is used while the RER is removed. 3) MTMARL-RTEMA-2: Similar
to MTMARL-RTEMA-1, however, traction substation information can be exchanged
and shared by all agents, as shown in (4.41). 4) IQL: No mixing network to coordinate
DHESSs, and each HESS independently takes actions based on local observations [39].
For single-task learning, each algorithm trains on a single task till convergence and uses
well-trained agents to evaluate the model performance on this single task. Then, new
training starts with another task and generates new agents for evaluation on this task.
Repeat the above process till all tasks are evaluated. Finally, the evaluation of each task
is averaged to represent the performance of each algorithm. To better illustrate the
results, delay scenarios are not included in the single-task environment but are added

in the multi-task environment.
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Fig. 4.15 Supercapacitor SoEs under LDM and HDM, at stations (a) 1-2 and (b) 3-4.
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Fig. 4.16 Curves of train (a) power and (b) displacement.
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The performance of algorithms 14 in the single-task learning environment is
depicted in Table 4.8 and Fig. 4.17. The figure shows the training episodic reward
curves, where five random runs are performed. Generally, QMIX obtains a much lower
reward compared with MTMARL-RTEMA-1, which verifies the effectiveness of using
the RER. Besides, IQL obtains the second lowest reward, and its curve shows a
declining trend at the end. This is because IQL only focuses on local observation while
disregarding the actions of other agents, which causes training instability. Meanwhile,
the other three algorithms overcome the stability issue by coordinately considering the
actions of all agents. MTMARL-RTEMA-1 obtains a similar high reward and
utilization compared to MTMARL-RTEMA-2. It indicates that high-quality decisions
can be made without global traction substation information, which verifies the
effectiveness of the Dec-POMDP design. From the table, MTMARL-RTEMA-1
achieves the highest PV-RB energy utilization. Thus, the proposed Dec-POMDP
design, the necessity of DHESS coordination, and the performance of MTMARL-

RTEMA-1 under the single-task learning environment are verified.
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Fig. 4.17 Comparative rewards of algorithms 14 in single-task learning environment.

Solid lines are moving averages over 200 episodes. Shaded areas are one standard

deviation ranges.

Table 4.8 Comparative performances of algorithms 1-4.

Headway (s)
Item Algorithm Avg.
350 540 660
Braking & PV
- 92.43 88.54 94.87 93.87
energy (kWh)
MTMARL-RTEMA-1 2294 7.73 27.45 33.65
Braking resistor ~ MTMARL-RTEMA-2 22.58 7.26 24.79 35.70
loss (kWh) QMIX 2445 9.33 28.94 35.08
IQL 29.09 11.26 37.02 38.98
MTMARL-RTEMA-1 0.24 0.00 0.00 0.72
MTMARL-RTEMA-2 035 0.00 0.89 0.17
Curtailment (kWh)
QMIX 1.62 0.00 0.55 432
IQL 390 288 648 233
MTMARL-RTEMA-1 75.24 91.27 71.07 63.38
PV-RB energy = MTMARL-RTEMA-2 7551 91.80 72.93 61.79
utilization (%) QMIX 72.13 89.46 68.91 58.03
IQL 64.72 84.03 54.15 55.99
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Furthermore, the following algorithms are compared to illustrate the model
performance on multi-task learning. 1) MTMARL-RTEMA-1: (Proposed). 5)
MTMARL-RTEMA-noKT: The KT function is removed from the proposed algorithm to
verify its effectiveness. 6) OMIX-MT: Since the original QMIX algorithm can only be
used in single-task learning. We extend the QMIX into the multi-task learning
framework by adding the soft module and conflict gradient projecting techniques. Thus,

the QMIX-MT is essentially the MTMARL-RTEMA-1 without RER and KT.

J

o

(9]
T

——MTMARL-RTEMA-1
——MTMARL-RTEMA-noKT
QMIX-MT

-5 1 1 1 1 1
0 1000 2000 3000 4000 5000 6000 7000 8000
Episode

Fig. 4.18 Comparative rewards of algorithms 1, 5, and 6 in multi-task learning

environment. Solid lines are moving averages over 200 episodes.

The performance of algorithms 1, 5, and 6 in the multi-task learning environment
is depicted in Fig. 4.18. Similarly, the figure shows the training episodic reward curves.
It can be observed that, generally, the rewards in the multi-task learning environment is
higher than the single-task learning environment. This is because the added delay
scenarios in the multi-task learning environment have short train headways (350 s) and
their scenario costs are usually lower than 540 s and 660 s headways. Based on (4.31),
since the average scenario cost of multi-task learning environment is lower, its reward
is usually higher than the single-task learning environment. Moreover, due to the

difficulty of learning from multiple tasks simultaneously, the algorithms take more
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episodes to converge. Furthermore, the performance of MTMARL-RTEMA-I1 is
superior to MTMARL-RTEMA-noKT and QMIX-MT, and QMIX-MT has the worst
performance. Hence, the effectiveness of KT and RER under the multi-task learning
environment is verified.

The scalability of the proposed approach is analyzed in Table 4.9. with the increase
of agents, the total training time increases almost linearly, while the average test time
per agent remains almost unchanged (<1 ms), validating excellent scalability of the

proposed approach.

Table 4.9 Scalability analysis.

Number of agents Total training time (h) Average test time per agents (ms)

4 1.03 0.79
12 2.39 0.76
20 3.59 0.79

4.4.4.3 Impact of Control Schemes

In this subsection, the impact of different control schemes on the overall operation
cost is investigated. Four control strategies are compared to evaluate the decision-
making performance and generalization capability of MTMARL-RTEMA by the test

set (Table 4.10). 1) Proposed control strategy (MTMARL—RTEMA). 2) Fixed threshold

(FT): The charge/discharge thresholds are fixed to be U}, =865 V and U, =855V,

which aims to encourage maximum DHESS usage. 3) Fixed power allocation (FPA):

PV-BT _ pBT
Pz’,p,t - Pmax s

The PV-battery power is set to be which aims to use PV-battery power

as much as possible. 4) No control strategy (NCS): As illustrated in framework DAS.

Besides, the situation with no PV and HESS (NPH) are also included for comparison.
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From the table, since LDM does not involve any PV consumption, only threshold
control is in effect under LDM. Hence, the performance of FPA and MTMARL—-
RTEMA under LDM is the same. MTMARL-RTEMA achieves the lowest average
operation cost in the test set, which verifies its generalization capability on different
train service patterns and network uncertainties. Compared with FT, MTMARL—-
RTEMA exerts coordinated control over the voltage threshold and PV-RB power
allocation of the DHESS, thereby significantly reducing the deviation of real-time PV
consumption to the intraday scheduling decision and slightly decreasing the operation
cost. Since the excessive usage of the PV-battery results in a high deviation cost, the

operation cost of FPA under HDM and NCS is higher than MTMARL-RTEMA.

Table 4.10 Comparative performances of control schemes 1-5.

LDM ($) MTMARL-RTEMA NCS FPA FT NPH

Avg. operation cost 4.79 6.38 4.79 489 842
Avg. purchasing cost 4.31 327 431 439 842
Avg. O&M cost 0.48 0.36 0.48 0.50 0.00
Avg. deviation cost 0.00 2.75 0.00 0.00 0.00
Min. operation cost 3.11 471 3.11 321 6.52
Max. operation cost 6.69 8.30 6.69 6.55 11.00
HDM (§) MTMARL-RTEMA NCS FPA FT NPH

Avg. operation cost 4.25 531 539 431 842
Avg. purchasing cost 3.74 327 3.53 3.66 8.42
Avg. O&M cost 0.51 049 047 054 0.00
Avg. deviation cost 0.00 1.55 139 0.11 0.00
Min. operation cost 2.76 3.61 3.61 2.83 6.52

Max. operation cost 6.12 7.01 7.01 6.18 11.00

151



Chapter 4

4.5 Summary

In this chapter, an MTMARL-MTSEM approach is proposed for the economic
and low-carbon operation of TNs integrated with PV-RB DHESSs. The research
mainly includes the following aspects.

A tri-level energy management framework is developed, where the upper level
minimizes daily operation and carbon trading costs, the middle level corrects day-ahead
scheduling deviations against multi-source uncertainties, and the lower level proposes
an MTMARL-RTEMA to address the DHESS control problem. A Copula-based
spatial-temporal dependency model is devised to characterize uncertainties of PVs,
passenger flows, and traction loads. Finally, comparative studies demonstrate the
effectiveness of the proposed framework in terms of cost reduction and PV—RB energy
utilization improvement.

The key findings of the designated case study are summarized as follows: 1) the
proposed framework with multiple time scales can outperform other energy
management frameworks on system operational economy (11.98% reduction) and
renewable energy utilization (13.94% increase) compared to the conventional long-
time-scale energy management framework. 2) The MTMARL-RTEMA can coordinate
voltage threshold and PV-RB power allocation of DHESSs, and its PV-RB energy
utilization can be increased by 10.31% compared to the uncoordinated control scheme.
3) The generalization capability of MTMARL-RTEMA is verified under train

operation scenarios.
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Chapter 5: Data-Driven Multi-Objective Configuration

Optimization for Distributed Hybrid Energy Storage

System-Integrated Traction Network Operation Based on

Multi-Task Multi-Agent Reinforcement Learning

Nomenclature in this chapter

A. Multi-Task Multi-Agent Reinforcement Learning Elements

Z,2,,2,,2,, 2, Set of tasks, headway tasks, combination tasks of trajectories,

dwell time tasks, and RB parameter tasks

B. NSGA-II Elements

F

& iter

NE , g&

NPOP
2
PA,0S

ga

P*,;(,®

P ,p
C. EL Elements

cel,l s ce1,2

/

Fitness function

Generation

Number and set of solutions being dominated by a specific

solution

Number of solutions
Pareto solution and solution which is dominated by p#

Parent and off-spring populations

Decision variable

Optimal solution, weight term, and entropy of information of

multi-criteria decision-making

Positive and negative ideal distances

XGBoost parameters

Functional space that represents a set of regression trees
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leaves

Xes Vet s Vel
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Lops £y

A

Se

D. Indices
defl,2,-,D}
he{l,2,---,H}
ie{l, 2,1}
jel{l,2,,J}
ke{l,2, K}
me{l,2,, M}
0efl,2,---,0}
we{l, 2, W}

E. Time Scales

An,n, N

At,t, T

F. Variables

APV

Eref

Number of leaves

Feature, label, and estimated label of training samples
Regularization term

Losses of EL and regression tree

Weight of leaves

Learning rate of ensemble models

Index of training samples

Index of train headways

Index of stations or traction substations

Index of stations or traction substations except for station or
traction substation i

Index of trains

Index of regression trees

Index of objectives

Index of Pareto solutions

Increment, current time step, and time horizon on a long time scale
for economic dispatch and prediction (e.g., sub-hourly or hourly)
Increment, current time step, and time horizon on a short time scale

for real-time train and HESS control (e.g., sub-minutely)

Area of PV array (m?)

Referential PV-battery energy (kWh)
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ESUB , EPV , ECUR
ESC , ERB , EBR
JLCC ,JEU ,JTT
JINV ,JREP ’JFIX

SUB yCA yCUR
JE LT T

JOM ’JSC ’JBT ’JPV
LBT

NBT > NSC > NDC

Nigr > Ns

PSUB , PPV , PRB , PBR
PSC,CH , PSC,DIS

TDW

BR
Ul

BR

n

G. Parameters

INV _INV _INV
Csc »CBT »CDC

INV
Cpy

oM
Csc

CsuB

ISC IBT IDC

max >~ max %>~ max

S S
NBT ’NSC

CR

n

Energies of traction substations, PV, and PV curtailment (kWh)
Energies of supercapacitors, RB, and braking resistor (kWh)
Economic, energy utilization, and travel time indicators

Costs of investment, replacement, and installation ($)

Costs of electricity trading, carbon trading, and PV curtailment ($)

Costs of PV-HESS, supercapacitor, battery, and PV operation ($)

Estimated battery lifetime (year)

Number of battery, supercapacitor, and converter modules
Number of in-parallel battery and supercapacitor modules
Powers of traction substation, PV, RB, and braking resistor (W)
Charging and discharging powers of supercapacitor (W)

Dwell time (s)

Voltage threshold of braking resistor (V)

Proportion of train braking power to traction network (%)

Unit costs of investment of supercapacitor, battery, and converter
($/module)

Unit cost of investment of PV ($/kW)

Unit cost of supercapacitor operation ($/MWh)

Unit cost of electricity trading ($/kWh)

Maximum currents of supercapacitor, battery, and converter
modules (A)

Number of in-series battery and supercapacitor modules

Capital recovery factor
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5.1 Background

In order to comprehensively consider the balance between the economic benefits,
photovoltaic—regenerative braking (PV—RB) energy utilization, and passenger demands
associated with the installation of DHESSs, the DHESS capacities and train operation
parameters should be flexibly configured based on factors such as line conditions, train
service patterns, and energy management strategies. Nowadays, most studies on
configuration optimization focused solely on supercapacitor-based ESSs (literature
reviews in section 1.3). However, the sizes of DHESSs and distributed PVs and the
parameters of train operation (e.g., RB parameter and timetable) have not been jointly
optimized. Besides, it is necessary to consider the operation uncertainties (e.g.,
passenger flow fluctuations and delays) and a generalized model-free energy
management strategy to handle them (network-level challenges in section 1.4).
Therefore, furthering the 3 (network) level, this chapter focuses on developing a multi-
task multi-agent reinforcement learning-based data-driven multi-objective
configuration optimization (MTMARL-DDMOCO) approach to optimize DHESS and
train operation parameter configurations considering the proposed multi-time scale
energy management framework, the electrothermal-coupled DHESS operation, and the
spatial-temporal operation uncertainty for coordinating economy, energy efficiency,
and passenger demands. Specifically, the main contributions of this chapter are outlined
as follows:

* A multi-objective configuration optimization model of DHESS-integrated

URT TNs considering electrothermal-degradation of batteries is formulated
for balancing economy, energy efficiency, and passenger demands. The first

stage optimizes DHESS and train operation parameter configurations to
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coordinate multiple objectives. The second stage implements the multi-time
scale energy management approach developed in chapter 4 to minimize the
daily operation cost, where its decentralized partially observable Markov
decision process (Dec-POMDP) is reformulated to take first-stage decision
variables as inputs.

* A non-dominated sorting genetic algorithm (NSGA-II) integrated with
ensemble load prediction models is developed to solve the configuration
optimization model effectively. The computational performance and
configuration decisions of the proposed approach are thoroughly analyzed.

The remaining parts of this chapter are organized as follows. Section 5.2 illustrates

the problem formulation of the two-stage configuration optimization model. Section 5.3
presents the proposed MTMARL-DDMOCO approach, including the ensemble load
prediction model and the algorithm implementation. Section 5.4 reports case studies

and their results. Section 5.5 gives the summary.

5.2 Problem Formulation

5.2.1 Overview

Similar to subsection 3.2.3, the configuration optimization model is formulated as
a two-stage optimization problem. The aim of the first stage is formulated as a multi-
objective function to optimize economy, energy efficiency, and passenger demands. The
electrothermal-degradation relationship is especially considered for a more accurate
replacement cost calculation. One of the first-stage decisions is to determine the
capacities of DHESSs. As the specifications of the HESS and PV are illustrated in

previous chapters and the in-series number of battery and supercapacitor modules is
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fixed, this decision is essential to determine the optimal in-parallel number of battery
and supercapacitor modules, as well as the size of each rooftop PV. Another first-stage
decision is to determine train operation parameters. Note that the start-up voltage
threshold of train braking resistors determines the proportion of total braking energy
delivered to the TN, which directly influences the RB energy utilization. Therefore, it
is regarded as one key decision variable. Besides, the train timetable also influences the
total energy consumption and RB energy utilization. To simplify the problem, we aim
to fine-tune the dwell time of each station to adjust the timetable. The configuration
decisions are then regarded as boundary parameters of the second stage. The second
stage addresses the multi-time scale energy management issue in chapter 4 to minimize
the daily operation cost. The Dec-POMDP is reformulated to take various train
operation parameters as tasks. Finally, the objective and scheduling plan of the second

stage is returned to the first stage for assessing configuration decisions.

5.2.2 Two-Stage Configuration Optimization Model

5.2.2.1 Battery Electrothermal-Degradation Model

Unlike the rainflow counting method focusing on the cyclic loading history, in
order to consider more general cases where some traction substations may lack enough
space for cooling system installation or utilize other thermal management measures
(e.g., an optimal thermal management algorithm) to control the battery temperature, a
more refined degradation model is provided to depict the electrothermal-degradation
relationship of HESSs. The detailed steps to implement both rainflow counting and
electrothermal-coupled methods for degradation estimation are illustrated in

Appendix A.
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5.2.2.2 Objectives and Constraints of the First Stage

The objective function can be written as
min(J*°,100% - J*,J ™). (5.1)

JHC, J¥, and J'T are the economic, energy utilization, and travel time

where
indictor, respectively.

1) Economic Indicator: The life cycle cost (LCC) of the urban rail transit (URT)
TN is utilized as the economic indicator, which consists of the investment cost J™V,
operation cost J™, replacement cost J®**, and other installation cost J™ . The
objective can be written as

JLCC :JINV +JOM +JREP +JFIX77CR’ (52)

where 7 is the capital recovery factor.

Specifically, the investment cost J™V is modified from (3.18) by adding a PV

Investment cost term

INV INV INV INV INV pPV,norm CR
J :[(Csc Ngc + e Nyp +cpe NDC)+CPV P ]77 ) (5.3)
where P*V™™ is the nominal power of the PV generator, ca', ch ,and ch are

the investment cost of supercapacitor, battery, and converter per module, respectively,

cpy  is the investment cost of PV per kW. Ng. and Ny are the number of
supercapacitor and battery modules, respectively, N,. is the number of converter

modules for HESS.

JOM

As for the operation cost , it is derived from (4.6), namely,

JOM (B S I Y T ), (5.4)

where J3U° 3¢ BT gV R Dand JSh are the electricity trading,

supercapacitor operation, battery operation, PV operation, PV curtailment, and carbon
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trading costs at time interval n, respectively. Specially, J5"® and J3¢ are obtained

n

by summing up their counterparts on the short time scale,

JnSUB ZZ i1 SUBEzsrl;JB Zt lz, - SUBPSUBAI (5.5)
JSC:Z | SoCMEsc zt 12 L é)(lj\/I(PlStCCH_i_PSCDIS)At’ (5.6)
where ES® and E°¢ are the traction substation and supercapacitor energy,
respectively. PS"® is the traction substation power. P“““ and PP are the

supercapacitor charge and discharge power, respectively. c¢g,; 1is the electricity
trading cost per kWh, ¢ is the supercapacitor operation cost per MWh.

As for the replacement cost J**", since the lifetime of a PV array can be much
longer than the system lifetime [183], it is the same as (3.19). The only difference is
that the replacement frequency here is estimated based on the battery electrothermal-
degradation model.

2) Energy Utilization Indicator: To improve energy efficiency, we aim to
maximize the energy utilization related to PV and RB. From the impact factor analysis
in section 0, the optimal HESS control parameters for cost-saving and RB utilization
improvement are different. Thus, the energy utilization indicator J*V is also included
as one of the objectives, which can be defined as one minus the ratio of total PV

curtailment plus total braking loss to the total PV and braking energy,

S e S
=[1-
R DGR

x100%, (5.7)

where E/) and E;® are the PV energy and curtailment at substation i at time

interval n, respectively, £, and E_, are the RB and braking resistor energies of

train k at time interval n, respectively.
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E’Y and E;® are formulated by (4.13)~(4.17). For E> and E_), they are

nn

formulated as the sum of their components on the short time scale, namely,

gy =2 B0 EQ =Y R AL, (5.8)
t t
PR = (1= )RIY. (5.9)
where PP is determined by the train trajectory profile. B’F is determined by the

operation status 7., of the braking resistor..

3) Travel Time Indicator: Apart from economy and energy utilization, we also aim
to minimize passenger travel time by timetable adjustments. For simplicity, only the
dwell time adjustment is considered in this work. J'™ is defined as the average

difference between the dwell time and its lower bound of each station.
JTT _ 1 z TDW TDW
- 7 - ( min )’ (5 . 1 0)

TDW

where represents the dwell time.

4) Constraints: For the configuration model, the decision variables include: the
area of PV arrays, the in-parallel number of battery and supercapacitor modules, and

the braking resistor start-up voltage threshold. Thus, the constraints can be written as

_ 7S 1 P
Nyc _NSCZileSC,i’

_A7S 1 p
Ngr _NBTZi_lNBTi’

[rsn(';/xz N;)Cl Ill‘izxz NET[
Noc = °¢ 1P ’
max max (511)

P P P P P P
NSC,min < NSCl <NSCmax’ NBT,min < NBTt < NBT ,max >
PV PV PV
Amin < Ai < Amax ’

UBR < UBR < UBR

l,min — 1,max >

TDW < TDW < TDW

min — max °?

161



Chapter 5

where Ng. and Nj, are the number of supercapacitor and battery modules in series,

respectively. Ng. and Np, are the number of supercapacitor and battery modules in

15¢ IBT  and IP¢ are the maximum current of

max 2 max 2 max

parallel, respectively.
supercapacitor, battery, and converter modules, respectively. 4°" is the area occupied
by PV arrays, U® is the braking resistor start-up voltage threshold. [ ] represents the
ceiling function to round up to the nearest integer.

5.2.2.3 Objectives and Constraints of the Second Stage

The proposed multi-time scale energy management framework in chapter 4 is
utilized at the second stage to minimize the daily operation cost. While its upper and
middle-level formulation is the same as section 4.3, the Dec-POMDP at the lower level
is reformulated to take first-stage decision variables as inputs. The task representation
is modified to take different dwell time and RB parameter settings as tasks,

Z={2,.20. 20, 25} (5.12)
where Z,, Z,, Z,, Z,, arethe headway, trajectory, dwell time, and RB parameter
tasks, respectively. Through this modification, the agent aims to learn a generalized
DHESS control policy adapting to different headway, trajectory, dwell time, and RB
parameter tasks.

It is worth noting that the task set Z can be huge with the increase of stations
and train headway numbers, and it is possible that not all tasks are seen by the agent
during training. This problem can be properly addressed by combining meta-learning
with RL or simply increasing the neural network size to improve performance on
unseen tasks. Due to our limited computational resources, for simplicity, we only
consider the worst-case representative scenario in subsection 4.4.1 for daily operation

cost calculation. As the scenario is fixed, the headway and delay information can be
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known, where Z,, and Z, include only a small amount of tasks. The detailed task

set capacity and agent performance are illustrated in the case study.

[ Initial populations ]<:| [ Decision space |:> Envnronment

Sample | J ‘ ‘ Sample

Dec-POMDPs

Tiifaslizg Step 2: train ensemble
: Outputs load prediction models

i )
[ NSGA-II ] <:|[Load prediction models]
. ‘/

Step 1:train multiple
RL agents

MTMARL

{1

No
gurer_gner max? Day-ahead scheduling
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Intraday rolling optimization
[ Pareto solutions At
! Step 3: Perform NSGA-IT with the | o e e e
! energy management framework E |:|'~"“~"'“““'c I:I
and load prediction models ! Multi-time scale energy management

Fig. 5.1 Overview of MTMARL-DDMOCO.

53 MTMARL-DDMOCO Approach
5.3.1 Approach Overview

The two-stage configuration optimization model is solved by the following steps:
1) training multiple RL agents based on the modified Dec-POMDP and the MTMARL—
RTEMA proposed in chapter 4 under different DHESS capacity and train operation
parameter configurations. 2) training multiple ensemble load prediction models to
estimate the total energy output of substations, supercapacitors, and RB on the short
time scale, respectively, where the well-trained RL agents are utilized to generate the
EL dataset. 3) Perform NSGA-II with the proposed multi-time scale framework and

load prediction models to obtain the Pareto solutions. Specifically, the first-stage
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configuration decisions are provided by NSGA-II, and they are taken as inputs to
optimize the scheduling plan on the long-time scale based on load prediction models.
The calculated daily operation cost and other variables are returned to the first stage for

assessing configuration decisions. A detailed illustration is provided in Fig. 5.1.

5.3.2 Ensemble Learning-Based Load Prediction

5.3.2.1 Principle of Ensemble Learning & XGBoost

Generally speaking, combining the predictions from several models has proven to
be an effective approach for increasing the prediction accuracy of the models [184]. EL
1s a machine learning method that strategically combines different models (classifiers,
prediction models, experts, etc.) to address regression or classification problems.
Bagging, boosting, and stacking are the three main categories of EL. Among EL
methods, boosting functions essentially as an approach to combine a series of weak
models to develop a strong model, where weak models are sequentially ensembled to
correct the predictions made by prior models, aiming to improve the prediction accuracy.

Extreme gradient boosting (XGBoost) [185] is a widely used boosting algorithm
that shows efficiency and flexibility over other EL methods. It has an ensemble of M

regression trees with individual predictions to construct the final output as a weighted

sum of predictions. Suppose there are D samples with feature labels (xel’d, yel’d).

XGBoost is equipped with a loss function £, consisting of a training loss term and a

regularization term

EEL(f):z[’L (yel,d’)’}el,d)-l_a)(f)’ (5.13)
d=1

where £, is the training loss function, y,, is the real label, 7, is the estimated

label, @ 1is the regularization term, f is the functional space that represents a set of
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regression trees used for boosting. The training loss £, evaluates the model prediction
performance of the regression tree m, while the regularization term «© mitigates the

overfitting problem. As the final outcome of XGBoost is the sum of predictions of all

M
trees, namely, p, = Z S (xel,d ), the loss of the m th tree can be written as [186]

m=1
Ly (f,)= ZEL (ycl,d ’)A’erT,;l + fu (xel,d )) + a)(fm )’ (5.14)
d=1

~m—1

where 77/ represents the estimated label of the (m—1)th tree.

Then, the Taylor approximation technique is utilized to transform the loss function

to a function that can be solved by traditional optimization techniques, namely,
3 am-l gl 1, 2
L (f) = zﬁL Yera»Yera + S Ju (Xel,d ) + Ef |:fm (xel,d )] +o(f,), (5.15)
d-1
fl = aﬁé’f,d L, (yel,da)’}:ll;il)’ f2 = aéé’f,lzﬁL (yel,dﬂj}g,;ll )9 (5.16)

The regularization term @ is calculated by

2
B

(()(f) = cel,lTleaves + %661,2 ||j’ (5 17)

where T

leaves

is the number of leaves, A is the weight of leaves, ¢, and c¢,, are

coefficients with default values of 1 and 0, respectively.

With the regularization term, XGBoost can mitigate the overfitting problem.
Meanwhile, in chapter 4, in order to generate the optimal schedules, it is necessary to
1) train RL agents under specific configuration decisions and 2) calculate power flows
subject to agents’ actions to calculate operation cost under different referential PV-
battery energy. Nevertheless, on the one hand, due to the short time scale for DHESS
control, each operation scenario requires hundreds of power flow calculations. On the
other hand, each configuration solution requires retraining of the RL agents, which

results in substantial computational time.
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Therefore, in this work, several ensemble load prediction models are developed to
directly predict energy terms in (5.5)—(5.6) and (5.8) instead of executing hundreds of
power flow calculations. These models learn from environmental settings and behaviors
of well-trained RL agents. More importantly, the generalized EL models can adapt to
different DHESS and train operation configurations, which do not require retraining of
the RL agents. The detailed approach to load prediction is illustrated as follows.
5.3.2.2 Construction of Ensemble Load Prediction Models

To simplify the training process of XGBoost, the aim of the proposed load
prediction models is to estimate the total energy output of substations, supercapacitors,
and RB of each time step under the specific operation scenario for configuration
optimization purposes. In the scenario, several operation parameters, such as the daily
passenger flow, train trajectory, dwell time, and delay setting, are fixed. Therefore, we
do not aim to develop a comprehensive load prediction model that adapts to various TN
operation scenarios.

Totally three load prediction models are trained. The scheduled referential PV-

battery energy E,---,E;, , time step n, headway h , supercapacitor in-parallel

o
module number Ng.,,---, No, , battery in-parallel module number Ng,,,---,Ns;,, and

train operation parameters U™, T°V,....T°Y are chosen as the same input of these

I B
Ein

models. Accordingly, the total substation energy 21:1 n » total supercapacitor

I

energy Z, E>C | and total RB energy Z:; E,ES are the outputs of prediction models

=1 L,n ?
#1, #2, and #3, respectively.
The training data are generated based on the fixed operation scenario and the

trained RL agents, and the generation process is illustrated as follows. First, randomly
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set the supercapacitor and battery module numbers and train corresponding RL agents.
Next, randomly generate the referential PV-battery energy schedule for each time step.
Next, run the operation scenario with fixed daily passenger flow, train trajectory, dwell
time, and delay settings, as well as the random referential PV-battery energy schedule.
Noted that the well-trained RL agents will determine the DHESS charge/discharge
voltage thresholds and PV-battery power on a short time scale. Finally, match the input
and output to form a data point and repeat the process till sufficient data are obtained.

80% of the dataset is randomly taken for training, and the rest 20% is for testing.

5.3.3 NSGA-II Implementation with Multi-Time Scale Energy

Management Framework and Load Prediction Models

5.3.3.1 Principle of NSGA-I1

The genetic algorithm (GA) [187] is a heuristic search algorithm that emulates the
processes of natural selection and evolutionary genetics observed in the biological
realm. Although GA demonstrates strong applicability for single-objective optimization
problems, it exhibits significant limitations when applied to multi-objective
optimization challenges. For the configuration optimization problem in this work, the
objectives are interrelated and exhibit conflicting interactions. For instance, increasing
the PV-RB utilization can result in excessive usage of battery and increased
replacement cost, which leads to a worse performance on LCC. The optimal solution to

such a problem should consist of a set of non-dominated solutions, namely, Pareto

optimal solutions [188]. By definition, for decision variables x,,, and x,,: 1) If for

Voe{l,2,---,0} , the fitness function F,(x,,,)<F,(x,,), variable x,, dominates

Xga -

2) If for VOE{I’z’”.’O} > E)(xga,l)SF;)(xgaJ) > and 306{1529”'0} >
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F,(xg,) < F,(xy,), variable x, , weakly dominates x,,,.

3) If for arbitrary decision
variable x,, and Voe{l,2,--,0}, F,(x,,)<F,(x,,), variable x,, is the non-
dominated solution for objective minimization. To effectively solve the multi-objective
configuration optimization problem, the NSGA-II [189] is introduced as the backbone
of the proposed algorithm. The features of NSGA-II are summarized as follows.

First, it utilizes a fast non-dominated sorting (NDS) method to significantly
decrease computational complexity. In general, for the multi-objective optimization
problem, it aims to calculate the number of solutions N* (p*) which dominate the
solution p# and the solution set S (p**) that the solution p* dominates. 1) Find
the solution p* with N®(p*)=0 and save them to a set S%() ,
SE ()« SE (M) U {p*}, rank it with rank =1. 2) For the solution ¢* in set S*(¢*")
which is dominated by solution p* in set S¥(1), N®¥(p*)« N¥(p*)-1. If
N&(p¥)=0, save ¢*' toaset S*(2), S¥(2)« S¥(2)u{q¢®}, rank it with rank=2.
3) Repeat the process till all solutions are saved. The non-dominated sets S*(1),
S¥(2), S*¥(3), ... are generated withrank 1, 2, 3, ....

Then, it introduces the crowding distance metric to estimate the density of
solutions around a particular solution and maintain the diversity in the population. Thus,
after the above two steps, each solution is characterized by the non-dominated rank and
crowding distance. The population selection process based on the non-dominated
sorting and crowding distance metric can be described as follows: 1) If the ranks
determined by non-dominated sorting of solutions are different, the solution with a
smaller rank is selected. 2) If the ranks are the same, the solution with a larger crowding
distance is selected. Third, it implements elitism, which retains the best solutions from

the current and previous generations, ensuring that progress is not lost over generations.
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5.3.3.2 Algorithm Implementation
The detailed steps of performing NSGA-II with the multi-time scale energy

management strategy and load prediction models are summarized in Algorithm 5.1.

Algorithm 5.1 NSGA-II with the multi-time scale energy management strategy and

load prediction models

1 Initialization: Load TN operation scenario data and ensemble load prediction
models, set the hyperparameters for NSGA-II

2 Randomly generate an initial population PA(0)

3 JMC calculation: Predict the energy terms in (5.5)—(5.6) for all possible input
conditions in PA(0). Then, optimize the scheduling decisions and calculate the
fitness function in (5.2) based on the prediction

4 J®Y calculation: Predict the energy terms in (5.8) based on P4(0) and the
optimal schedule. Then, calculate the fitness function in (5.7) based on the
prediction

5 J' calculation: Calculate (5.10) directly from PA(0)

6  Implement fast NDS, crowding distance calculation, and elite selection,
generate the parent population PA(1)

7 For generation giter=1, Zitermax do

8 Implement selection, crossover, and mutation operations, generate an off-

spring population OS(giter). Calculate the fitness function by step 2—4, simply

substitute P4(0) by OS(giter)

9 Merge the parent and off-spring population, obtain a new population with

2NPOP solutions, PA(giter)UOS(giter)

10 Implement fast NDS, crowding distance calculation, and elite selection,

generate the parent population PA(giter+1)

11 Output: Pareto solutions
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5.4 Case Study

In this section, a detailed analysis of the aforementioned formulations and
algorithms is conducted. First, the performance of the proposed ensemble load
prediction models is illustrated. An optimal model selection process is conducted to
verify the effectiveness of the proposed model compared with common load prediction
models. The impacts of the training set size and the RL agent number on model
prediction performance are discussed to demonstrate the trade-off effect between
prediction accuracy and computational efficiency. Then, the optimal configuration of
DHESS-integrated URT TN is investigated. The configuration results consider only
two objectives (economic and energy utilization indicators), and all three objectives
(economic, energy utilization, and travel time indictors) are compared. Besides, the

impact of battery degradation is analyzed with different ambient temperatures.

5.4.1 Setup

The search range of each decision variable is shown in Table 5.1, and the basis of
the search range setting is illustrated as follows. For the DHESS sizing setting, the
battery and supercapacitor specifications used in this case study are listed in Table 5.2
and Table 3.4, respectively. Due to the data availability, we use the LiFePOs battery

data reported in [190, 191] to replace the aforementioned LTO battery data. Referred to
the analysis in subsection 4.4.2, the parallel number of supercapacitor modules N,
is set to make the rated supercapacitor power cover 0—120% of the maximum power of
its integrated traction substation. On the other hand, the parallel number of battery

modules Ny, is set to make the rated battery energy cover 0-100% of the maximum

energy of the PV in its integrated traction substation.
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Table 5.1 Range of decision variables'.

Parameter Value Parameter Value Parameter Value
Ny, [0,12] 4" (m® [0, 1620] TP (s)  [20,50]
N§T,,- [0, 100] Ul (V) [860, 1000] T,-DW’down (s) [20, 50]

liell, 2,1}, NSPCJ. is based on the maximum power of the integrated traction substation, N]I;T,l.

is based on the maximum daily generation of PV in the integrated traction substation, 4’ is based

on the maximum rooftop area, U IB ® " is based on the no-load and maximum operation voltages of

the TN, T°"** and T°™" are based on possible dwell time ranges in [192].

Table 5.2 LiFePOs battery parameters.

Item Value Item Value
Nom. voltage 3.2V  No. in series 210
Nom. capacity 10 Ah  No. in parallel Table 5.1
Max. charge/discharge rate 1 C/2 C e 1 $/MWh
SoE range 0.2-0.8 cor 11.58 $/module

Table 5.3 NSGA-II parameters.

Parameter Value Parameter Value
8iter,max 300 Mutation function mutationpower
NPP 150 Crossover function  crossoverlaplace
Selection function selectiontournament Crossover probability 0.8

Besides, with the change of battery type, considering the maximum PV-battery

energy consumption and the computational burden, we set max (E ref ) =25 kWh and the

increment of E™ =2.5 kWh in this case study. As for the PV sizing setting, its
occupation A" is limited by the total rooftop area of the station (2700 m?, reported
in [10]). It is worth noting that 30% of the total rooftop area is occupied by skylights.

Besides, we assume 10% of the total rooftop area is reserved for laying gaps and
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maintenance aisles. Thus, the PV occupation can be 0—60% of the total rooftop area. In
addition, the braking resistor threshold U® is bounded by the no-load and maximum
operation voltages of the TN. The available dwell time ranges 7.""** and 7%
for up and down train directions are reported in [192]. Furthermore, other economic
parameters are the same as subsection 4.4.1, and a PV investment cost cpy. =462 $/kW
is obtained from the statistics in China, 2025 [193] (taking the exchange rate 6.5
RMB/USD). The NSGA-II algorithm parameters are illustrated in Table 5.3. Since
ensemble models are sensitive to hyperparameters, a fine-tuning model selection
process is required for their optimal performance, and the optimal parameters are
illustrated in the following subsection. XGBoost and the fitness calculation part of
NSGA-II are performed with Python 3.9.13, and other parts of NSGA-II are conducted
by Matlab 2022b. The operation scenario and related scheduling plan are simulated and

optimized by Gurobi 10.0.0 with Python 3.9.13. All simulations are performed on the

same device in subsection 2.4.1.

5.4.2 Analysis of Load Prediction Results

5.4.2.1 Model Selection Results

In this subsection, the ensemble model selection process, including key model
parameter optimization and model prediction performance comparison, is illustrated.
First, several key parameters are optimized, including: 1) the number of regression tree
models M , 2) learning rate ¢&,, 3) maximum depth of regression trees, with a higher
value for more complex models, 4) the minimum loss reduction “gamma” to divide
further on the leaf nodes of the tree, which a higher value for more conservative models,

and 5) the subsample rate.

172



Chapter 5

Table 5.4 XGBoost parameters.

Optimal value

Parameter Searching range
Model #1 Model #2 Model #3

M [100, 1000] 1000 1000 1000
Se [0.01, 0.1] 0.1 0.075 0.05
Maximum depth [3, 10] 4 4 4
Gamma [0, 0.5] 0 0 0.3
Subsample [0.5,0.9] 0.9 0.9 0.6

Table 5.5 Comparative performances under different prediction methods.

XGBoost-model RF-model LR-model

Metrics
#1 #2 #3 #1 #2 #3 #1 #2 #3

MAE 0.239 0.008 2.183 0.296 0.011 2.523 0.430 0.016 3.585
RMSE 0.305 0.010 2.772 0378 0.014 3.258 0.541 0.020 4.513
MAPE 5347 7.448 5.728 6.676 9.166 6.502 9.520 15.985 9.540

R? 0.898 0.920 0916 0.843 0.861 0.883 0.678 0.712 0.776

The optimal values of these parameters are listed in Table 5.4. Then, the

performance of different prediction methods is compared to verify the effectiveness of

the proposed approach: /) XGBoost: the EL method utilized in this work. 2) Random

Forest (RF): a classical and widely used bagging-based EL method that builds decision

trees and takes average predictions for regression. 3) Linear Regression (LR): baseline

method. The training and test samples are 20000 and 5000, respectively. The RL agent

number is 500. The mean absolute error (MAE), root mean square error (RMSE), mean

absolute percentage error (MAPE), and coefficient of determination (R?) are utilized as

metrics to evaluate the prediction results. Table 5.5 summarizes the evaluation results,

where XGBoost shows superior prediction performance on the test set for all metrics.
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Fig. 5.2 Contribution ranking of each feature to prediction results for load

prediction model (a) #1, (b) #2, and (c¢) #3.

Furthermore, in order to quantify the impact of input features on prediction results,

the Shapley additive explanation (SHAP) [194], a unifying interpretability framework

based on cooperative game theory, is introduced. SHAP uses the average marginal

contribution of a feature to all feature coalitions with that feature to obtain explanations

of machine learning models. Fig. 5.2 shows the final ranking diagram of the importance
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of all features affecting the load prediction models. It can be observed that, headway
and time are two common major factors that affect the prediction results of all models.
Besides, the referential PV-battery energy and battery module number in different
stations are crucial factors for substation and supercapacitor energy demand predictions.
In contrast, supercapacitor module number, dwell time, and braking resistor parameter
substantially impact RB energy prediction.
5.4.2.2 Impact of Training Set Size and RL Agent Number

In this subsection, the impact of training set size and RL agent number on model
prediction performance and the trade-off between prediction accuracy and
computational efficiency is demonstrated. The test performance curves of each model
with respect to training set size and RL agent number are depicted in Fig. 5.3. From the
figure, with the increase of training set size and RL agent number, the model
performance also increases gradually. Then, the total training time is calculated. Note
that parallel computing has been implemented for RL agent training. The prediction
models with the minimum total training time and satisfactory prediction performance
(R?>0.9) are selected, and their performances are listed in Table 5.6. From the table,
most of the computational time is spent on RL agent training and data generation.
Although the generation of one sample is less than 0.1 s, the large number of training
samples can make the generation process long. However, this issue can be addressed
by parallel computing. In general, compared with carrying out enumeration calculations
in the entire sampling space to obtain accurate operation cost under different conditions,
the proposed load prediction models significantly improve the computational efficiency

while slightly reducing the accuracy of operation cost calculations.
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Fig. 5.3 Test performance with respect to training set size and RL agent number for
prediction model (a) #1, (b) #2, and (c) #3.

Table 5.6 Computational performance of prediction models 1-3'2,

Items Model#1  Model #2  Model #3
EL training set size (sample) 20000 20000 10000
Number of RL agents 2000 1600 1600
Number of RL algorithm training times 500 400 400
Total RL training time (h) 25.77 20.61 20.61
Data generation time (s) 1506.574  1507.533 722.352
Data generation time per sample (s) 0.075 0.075 0.072
Total EL model training time (s) 0.411 0.369 0.0314
Execute time (s) 0.002 0.002 0.002

! Total training time includes RL training, data generation, EL model training, and execute times.

2 Parallel computing was used, where 20 RL algorithms were trained simultaneously.
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5.4.3 Analysis of Optimal Configuration Results

5.4.3.1 Comparison of Configuration Results

In this subsection, the optimal configuration results are discussed with the
following configuration strategies: 1) Strategy I (proposed): the DHESS and train
operation parameter configurations are coordinated to optimize all three objectives. The
electrothermal-degradation (A.2)—(A.10) of batteries is considered. 2) Strategy II: same
as strategy I, except that only two objectives (economic and energy utilization) are
considered. 3) Strategy IIl: same as strategy II, except that only DHESS configurations
are considered. For train operation parameters, we set U X =860V, 7PV = gPWdow
=50s, ie{l,2---,1}.4) Strategy IV: same as strategy I, except that the multi-time scale
energy management approach developed in chapter 4 is replaced by the framework
DAIS in subsection 4.4.3.2. DAIS performs day-ahead and intraday scheduling without
optimizing the charge/discharge thresholds and real-time PV-battery outputs of
DHESS:s. For strategies II-III, as only two objectives are optimized, the population
NP is set as 50 to save computational resources. NP =150 for all other strategies.

The Pareto solutions of all strategies are shown in Fig. 5.4. From Fig. 5.4(a), it can
be observed that the Pareto solutions of strategy Il are generally better than those of
strategy III. This is because the optimization of train operation parameters by strategy
IT increases RB energy generation and further releases its utilization flexibility. From
Fig. 5.4(b), the Pareto front of strategy IV is located within $1200-2100 and is more

concentrated than strategy 1. Besides, the energy utilization of strategy I is generally

higher than that of strategy IV when the LCC is higher than $1500.
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Fig. 5.4 Pareto fronts of (a) strategies II-III and (b) strategies I and IV.

Table 5.7 Comparative train operation parameters of strategies [-IV.

Parameters 7PV (g) TPV (s) U (V)
Station 1 2 3 4 3 2
Current 30 30 30 30 30 30 900
Strategy | 24 44 26 32 26 38 910
Strategy 11 32 24 26 28 38 44 910
Strategy III 50 50 50 50 50 50 860
Strategy IV 36 40 34 24 48 24 910

Then, a multi-criteria decision-making is implemented to select the optimal
configuration solution from the Pareto [195]. After calculating the entropy term, the

optimal solution is selected based on the weighted distance to the idea solution,

¥ P P B,
P =max{——,—2— ..., — " —, (5.18)
B +R B +P B+F

P = \/i;{o (Fw,a —max(Fw,o ))2 P = \/i;{a (FW’U —min(FW’o))2 , (5.19)
P o1

o

7,=(1-6,)/2(1-0,), (5.20)

o=l

where P is the optimal solution, P, and P’ are the positive and negative ideal

distance of the wth Pareto solution, respectively, y is the weight term, © is the

entropy of information.
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Table 5.8 Comparative PV sizes of strategies [-1V.

Parameters PV size (m?)

Station 1 2 3 4

Strategy I ~ 314.45 204.30 1204.18 526.29
Strategy II  1007.37 238.14 1288.44 239.22
Strategy III  677.97 293.22 620.46 714.69
Strategy IV 143.22  653.31 968.21 1097.12

Table 5.9 Comparative DHESS configuration results of strategies [-IV.

Power HESS (MW) Supercapacitor (MW) Battery (MW)
Station 1 2 3 4 1 2 3 4 1 2 3 4
I 1.18 1.44 1.01 0.65 0.70 0.87 0.61 035 048 0.56 0.40 0.30
I 025 156 1.67 0.18 0.09 0.61 0.61 0.09 0.16 097 1.06 0.09
I 1.51 023 1.00 139 1.05 0.17 096 0.79 046 0.05 0.04 0.60
v 1.81 0.74 026 1.12 0.87 0.70 0.09 1.05 094 0.04 0.17 0.07
Energy HESS (kWh) Supercapacitor (kWh) Battery (kWh)
Station 1 2 3 4 1 2 3 4 1 2 3 4
I 325 386 274 189 83 103 72 41 242 282 202 148
II 91 556 603 57 10 72 72 10 81 484 531 47
111 353 48 134 396 124 21 114 93 228 27 20 302
v 574 103 98 158 103 83 10 124 470 20 87 34

Table 5.10 Comparative performance of strategies I-IV.

[tem Current

Strategy

I II III v

JHC () 2141.44 156133 1784.15 1471.44 1487.20

JU (%) 2438 81.53 93.58 76.36 78.66

JT(s) 10.00 11.67 12.00 30.00 14.33
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Table 5.11 Comparative battery degradation of strategies [-1V.

Strategy I II
Ambient temperature (°C) 25 35 45 25 35 45
JR(8) 0.00 0.00 0.00 0.00 5551 57.20
Lyr,i=1 (year) 10.00 10.00 10.00 10.00 9.60 8.39
Lgr.i=2 (year) 10.00 10.00 10.00 10.00 10.00 10.00
Lg,i=3 (year) 10.00 10.00 10.00 10.00 10.00 10.00
Lgr,i=4 (year) 10.00 10.00 10.00 10.00 10.00 10.00
Strategy III v
Ambient temperature (°C) 25 35 45 25 35 45
TR (8) 0.00 49.79 51.35 105.44 108.10 177.56
Lyr,i=1 (year) 10.00 10.00 10.00 10.00 10.00 10.00
Lgr,i=2 (year) 10.00 10.00 10.00 7.93 6.92 6.02
Lyr,i=3 (year) 10.00 9.79 854 10.00 10.00 8.81
Lyr,i=4 (year) 10.00 10.00 10.00 8.00 6.99 6.10

Table 5.7-Table 5.9 shows the configuration results of the optimal solution of each
strategy, and the current operation situation with no installation of PVs and DHESSs is
also compared (U® =900 V, 7PV =PV =3( g je{1,2---,1}). From Table 5.7,
the optimized dwell time of each station in strategies [-IV is generally higher than the
current dwell time schedule to increase the economic benefits and energy saving. The
optimized braking resistor start-up voltage threshold of strategies I, I, and IV is higher
than the current threshold, promoting more RB energy generation.

From Table 5.8 and Table 5.9, due to the change in the spatial-temporal distribution

of the traction load and RB energy under the optimized dwell timetable and braking

resistor parameter, the PV and DHESS sizes of each station vary. The average HESS
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power and energy per station of strategies I-IV reach 0.92-1.07 MW and 232.75—
326.75 kWh, respectively. Besides, all strategies utilize 20-27% of the total rooftop
area on average (or 33—45% of the available area) for PV arrays in each station. This
indicates that the current rooftop area is enough for the PV installation, considering the
economic PV energy use for traction demands.

Table 5.10 summarizes the performance of the optimal solution of each strategy.
Compared with strategies II-I1I, which ignore the travel time indicator, the passenger
travel time saving of strategy I is improved by at least 2.75%. Compared with strategy
IV, strategy I using the proposed multi-time scale energy management approach
improves the PV-RB energy utilization and the passenger travel time saving by 3.65%
and 18.56%, respectively, while decreasing the LCC by 4.98%. Moreover, compared
with strategy III, strategy II optimizes the train operation parameters, which promotes
PV-RB energy utilization and passenger travel time-saving. In general, different
strategies improve the LCC by 16.68-31.29% and the PV-RB energy utilization by
213.21-283.84% while decreasing the travel time saving by 16.7-200%. The proposed
strategy I is superior to other strategies on at least two objectives, which verifies its
effectiveness.
5.4.3.2 Impact of Battery Degradation

To analyze the impact of battery degradation, the battery lifetime and replacement
cost under different ambient temperatures are investigated. Noted that the ambient
temperature will affect the battery degradation calculation by (A.3), (A.7)—(A.8), and
(A.10) in appendix A. Table 5.11 illustrates the battery degradation of strategies I-IV
under different ambient temperatures. With the increase in temperature, the battery

lifetimes are generally shortened, and the replacement cost grows. Strategy IV is more
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sensitive to temperature change than other strategies, where its average battery lifetime
can be shortened by 13.92%, and its total replacement cost can be increased by 68.40%.
In contrast, strategy I reduces battery usage through a reasonable scheduling plan,
intelligent control of RL agents, and joint configuration of DHESSs and train operation

parameters, limiting the replacement times under different ambient temperatures.

5.5 Summary

In this chapter, an MTMARL-DDMOCO approach is proposed for promoting an
optimal synergy between the economic and energy efficiencies of the DHESS-
integrated TN operation and the travel time of the passengers. The research mainly
includes the following aspects.

A multi-objective  configuration optimization model considering the
electrothermal-degradation relationship of batteries is formulated for balancing
economy, energy efficiency, and passenger demands based on the developed
MTMARL-MTSEM approach in Chapter 4. The NSGA-II algorithm is incorporated
with ensemble load prediction models to solve the multi-objective configuration
optimization model in a data-driven manner.

The key findings of the designated case study are summarized as follows: 1) By
quantitatively analyzing the impacts of EL methods and training parameters on load
prediction, the XGBoost method and critical parameters achieving R>>0.9 are selected
to obtain optimal substation, supercapacitor, and RB energy output predictions under
minimum total training time. 2) The MTMARL-DDMOCO improves the LCC and
PV-RB energy utilization by 27.09% and 234.41%, respectively, compared with the
current situation. 3) The MTMARL-DDMOCO is also superior to other configuration
strategies on at least two objectives and reduces battery usage by leveraging a
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reasonable scheduling plan, intelligent control of RL agents, and joint configuration of

DHESSs and train operation parameters.
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Chapter 6: Conclusions and Future Perspectives

6.1 Conclusions

The integration of URT TNs with HESSs has become a technologically and
socioeconomically crucial pathway to enable highly efficient and convenient mass
public transportation within urban areas while promoting energy consumption
reduction and carbon-neutral transformation of URTs. In order to address the spatial-
temporal uncertainties and complexities arising from passenger demand, urban traffic
congestion, widespread distribution, operational disturbances, etc., this thesis reports
using RL as a machine learning base technique to develop three different levels of
energy management and configuration strategies for HESS-integrated URT TNs in a
model-free and data-driven manner. The specific works and conclusions are
summarized as follows.

An SRL-EETTO approach is developed for automatic train operation at the 1%
(train) level. The real-time train operation model under uncertain disturbances is
formulated as an MDP, and an S-TD3 algorithm with improved effectiveness is
developed to solve it and generate optimal train trajectories online. Satisfactory
performances on reduced traction energy use of 18.5% and evaluation indices of safety,
punctuality, and ride comfort are verified compared to the practical driving data for the
proposed SRL-EETTO approach. Besides, its maximum trip time error under real-time
uncertain disturbances is decreased by 11.6% compared to state-of-the-art RL-based
EETTO algorithms, while its adaptability to uncertain train masses and resistance
conditions is demonstrated. A suggestion for the train trajectory configuration based on

the proposed SRL-EETTO approach is given.
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An MTRL-SCO approach is proposed for HESS-integrated traction substation
operation at the 2" (substation) level. The configuration-specific HESS control
problem under various spatial-temporal traction load distributions is formulated as an
MTMDP based on a DTM, and an iterative sizing optimization approach considering
daily service patterns is devised to minimize the HESS LCC. Then, a KT-D3QN
algorithm is presented to learn a generalized HESS control policy adapting to multiple
train service patterns by leveraging a shareable cross-task experience for solving the
MTMDP. With the joint optimization of voltage thresholds and power allocations to
effectively adjust SoEs, the operation cost can be reduced by 5.89% compared with
conventional rule-based strategies using fixed thresholds and power allocations. Under
multi-task learning and knowledge transfer, the operation cost can be further decreased
by at most 13.06% compared with state-of-the-art HESS control optimization methods.
Considering the spatial-temporal traction load characteristics, the HESS LCC is
reduced by 2.65% while the battery life is extended by 86.22% compared with
conventional sizing optimization methods.

An MTMARL-MTSEM is presented for DHESS-integrated TN operation at the
31 (network) level. A two-stage stochastic scheduling is performed on a long-time scale
to minimize daily operation and carbon trading costs at the upper level and correct day-
ahead scheduling deviations against multi-source uncertainties at the middle level. An
MTMARL-RTEMA is established to optimize PV-RB power flow and promote
utilization through decentralized coordination of DHESSs at the lower level. By
leveraging the synergetic consideration of energy management of the TN with multiple
time scales, the overall daily operation cost is reduced by 11.98%, and the PV-RB

energy utilization is improved by 13.94% compared with the conventional long-time-
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scale scheduling approach. Similar to the conclusion of the proposed MTRL-SCO
approach, the joint optimization of voltage thresholds and PV-RB power allocations
increases the spatial-temporal energy complementation of PV-RB by 10.31%
compared to the uncoordinated control scheme. Finally, the adaptability of the proposed
MTMARL-MTSEM approach under various train service patterns and network
uncertainties is verified.

An MTMARL-DDMOCO approach is established for furthering the DHESS-
integrated TN operation at the 3™ (network) level. Based on the developed MTMARL—
MTSEM approach, a multi-objective configuration optimization model considering the
electrothermal aging of batteries is formulated to optimize DHESS capacities and train
operation parameters simultaneously. Then, a non-dominated sorting genetic algorithm
is incorporated with data-driven EL-based load prediction models to solve the multi-
objective configuration optimization model. The optimal load prediction models
(R?>0.9) under minimum total training time are obtained with the XGBoost method and
critical training parameters. By leveraging a reasonable scheduling plan, intelligent
control of RL agents, and joint configuration of DHESSs and train operation parameters,
the proposed MTMARL-DDMOCO improves the LCC and PV-RB energy utilization
by 27.09% and 234.41%, respectively, compared with the current situation, and is

superior to other configuration strategies on at least two objectives.

6.2 Future Perspectives

Considering the diverse operation objectives, geographically dispersed
infrastructure and equipment, frequent train services, and highly complicated, dynamic,
and uncertain TN energy flows possessed by URTs, the research of this thesis can be

extended from the following aspects.
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6.2.1 Further Consideration of Timetabling and Circulation Planning

In chapters 3-4, the impact of the real-time rescheduled timetable is considered in
the substation-level and network-level energy management strategies, and in chapter 5,
the dwell time is incorporated into the configuration strategy. However, for energy
management, the coordinated optimization of RTTR and TN power flow to fully release
the regulation flexibility of traction load has not been explored further. Thus, the
traction load flexibility regulation methods (e.g., train driving and real-time
rescheduling of timetables and rolling stocks) and the HESS control optimization
methods can be comprehensively utilized to investigate the demand response strategy
of traction loads and the coordinated operation strategy of URTs. On the other hand, the
impact of delay propagation should be taken into account for train operation simulation,
and the adaptability of the proposed approach under delay propagation needs to be
further verified. Similarly, for the configuration problem, a more thorough
consideration of timetable and rolling stock scheduling, including dwell time, running
time, headway, etc., is required. For passenger travel time, a refined formulation such
as that of [156] can be integrated into the multi-objective configuration optimization
model to improve its model performance. Furthermore, under certain situations
(first/last train), the trains may skip a few stations to have a higher commercial speed.

This skip-stopping strategy can also be considered in future works.

6.2.2 Implementation of Distributed Computational Architecture

In this thesis, RL has been demonstrated as a crucial base and effective tool for
energy management and configuration of HESS-integrated TNs. However, it is

necessary to consider the distributed deployment issue of in trains and traction
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substations (1% and 2™ levels) and the decentralized operation issue of DHESS-
integrated TNs (3" level) of the proposed RL-based energy management strategies. In
addition, with the expansion of the URT system, the communication and data
processing capability of the centralized control center can be insufficient to deal with
huge training data and commands. Furthermore, the NSGA-II algorithm in Chapter 5
can have the curse of dimensionality when dealing with a large number of decision
variables.

In this regard, distributed computing architecture has great potential for future
applications of RL-based energy management and configuration strategies. For instance,
edge computing [196], which provides computational capabilities close to the dispersed
end users with internet-of-things (IoT) devices, has been regarded as a practically viable
solution. By implementing edge computing, not only can the computational burden be
offloaded to edge servers/devices, but the communication issue from various end users
to the centralized control center can be mitigated. To further reduce the computational
burden of configuration strategies, a selection process of decision variables can be
conducted before the optimization, where experiments containing different
combinations of decision variables can be carried out by parallel computing to speed
up the selection process. Moreover, it is worth noting that the combination of RL-based
strategies and loT devices via edge computing enables artificial intelligence of things
(AIoT) [197], which contributes to intelligent, efficient, carbon-neutral, and convenient

URT services.

6.2.3 Investigation on Green Artificial Intelligence

With the increased adoption of Al, a more powerful Al model generally requires

more energy consumption with respect to computing hardware manufacturing, model
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training, and model execution. In this regard, the concept of green Al [198] has been
proposed to address the research and application concerns of Al-related energy
consumption and environmental issues. Although the existing studies were limited,
there have been various directions for achieving green Al, such as optimizing the
workload during deployment, improving computational efficiency, assessing the carbon
footprint, etc. In order to leverage Al for more sustainable URTs, it is necessary to
incorporate green Al technologies into the proposed RL-based energy management and

configuration strategies as an extension of this thesis.
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Appendix A: Degradation Estimation of Hybrid Energy
Storage Systems

A.1 Degradation Estimation Based on Railflow Counting

The rainflow method analyzes the cyclic loading history of a material or structure
and converts the loading history into a series of closed-loop cycles, which are then
added up as lifetime losses. In this work, as the supercapacitor generally has a much
longer cycle life (up to 10°) than the battery, its replacement during the system lifetime
is ignored, and its rainflow counting is not implemented. For the battery case, generally,
a survey which is provided by the cell manufacturer relates the number of counted
cycles to the end of the battery lifetime as a function of the DoD. Thus, the battery
degradation estimation process based on the survey and rainflow counting can be
summarized as follows. The battery data is obtained from a LTO battery [166].

Step 1: Identify all local maximums and minimums of the SoE profile.

Step 2: Count the discharge semi-cycles from each local maximum to the
minimum, as indicated by the red line in Fig. A.1.

Step 3: Similar to step 2, count the charge semi-cycles from each local minimum
to the maximum.

Step 4: Match the discharge semi-cycles with the charge semi-cycles to form
complete cycles. Group the cycles according to their DoDs. The relationship between
DoD and battery cycle life is shown in Table A.1.

Step 5: Calculate the lifetime loss in each group and then add up to estimate the

lifetime of the battery,
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where i is the index of DoD ranges, Cp™ is the amount of available life cycles,
Cyr 1s the number of cycles counted per day, L,, is the estimated battery lifetime,

L is the system lifetime.
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Fig. A.1 Illustration of the cycle counting process.

Table A.1 DoD ranges and battery (LTO 20Ah) cycle life.

Item Value

DoD (%) <15 15-25 25-35 35-45 45-55 55-65 65-75 75-85 >85
Cy™ 70000 31000 18100 11800 8100 5800 4300 3300 2500

A.2 Degradation Estimation Based on Electrothermal Coupling

The degradation estimation consists of two steps: first, the electrothermal model
of the battery is developed; then, a dynamic capacity degradation model is utilized to
quantify the impact of battery power, accumulated electric charge, and temperature on

battery life. Due to the data availability, we use the LiFePOu battery data reported in
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[190], instead of the aforementioned LTO battery data, to model the electrothermal
characteristics. Namely, the LTO battery data is used for case studies in chapters 34,
and LiFePOus battery data is used for case studies in chapter 5.

For the first step, considering that the HESS contains many battery modules in
series and parallel, we assume that the operating state of cells is the same, and the space
between cells is large enough. In order to analyze the thermal behavior of the battery,
the simple equivalent circuit model in Fig. 3.2 is replaced by a first-order equivalent
circuit model (Fig. A.2), where a constant RC network is added to capture the battery

relaxation process.

o
—> BT
|l R,
—Lﬁ_
+ OCV
LUP,I
UBT e
P, [BT
- Yo

Fig. A.2 Battery first-order equivalent circuit model.

According to [190], the battery OCV U7V is insensitive to internal temperature

77/ . Besides, as the impact of SOE SoE? on internal resistance R is relatively

minor, we only model the relationship between temperature and internal resistance.
Thus, the SOE-OCV and temperature-resistance relationship of the LiFePO4 battery can
be fitted by

U9 =1.769(SoE™ )| ~2.593(SoE™ |

BT \2 BT (A.2)
+0.874(S0E"! )" +0.22250E2T +3.174,
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The rest of the model is formulated by

UsS =0.982U,7 | +2.1x107* 1)), (A.4)

Ups =Upi" ~LpiRoi =Upi. (A.5)
BT BT ocv BT pBT RC

Pp,t = Ip,t (Up,t - Ip,t Rp,t - Up,t )7 (A6)

where PJ is the charge or discharge power, UL is the voltage of the RC network.

The coefficients in (A.4) are obtained by field tests.

The thermal model of the battery can be referred to [190], and we also provide it

below
BTin _ ( yBT\?> pBT _ BT,in _ mBTsh
2647731 = (157 ) RE —1.286(T500 — T2, (A.7)
307750 =1.286(T00 ~ Ty |- 0.3009(T0" - 77, (A.8)

where 77" is the shell temperature, 7°" is the ambient temperature. The

coefficients in (A.5)—(A.6) are obtained by field tests.

It is also worth noting that, as the studied URT stations have HVAC systems, we
assume that the ambient temperature is constant during operation. Besides,
manufacturers have fully tested the thermal stability of batteries and supercapacitors.
Therefore, the thermal management issue and the thermal constraint of DHESSs are out
of the scope, and this thesis only considers the impact of temperature rise on the

degradation.
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For the second step, a dynamic capacity degradation model [167] is utilized, as

formulated below

L . 20
NVREP _ |7§ - I‘I, Lgr = mm(hm} (A.9)

0.824
~15162 +1516C-rate
"t x0.0032ex :
’D p( 0.824ROT " j

BT 86400 1
AQT = —
0" =2 [3600

t=1

. (A.10)

where AQ®" is the percentage capacity loss. Generally, 20% capacity loss is regarded
as the end of battery lifetime. AQ®" is calculated at a daily basis. RS is the ideal gas
constant, R® =8.31 J/(mol'K). C-rate is the charge or discharge rate. Other

coefficients in (A.10) are obtained by field tests.
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Appendix B: Calculation of Passenger Demands

A passenger demand calculation method is provided in this appendix and the aim
is to find the average number of onboard passengers during each time interval n.
According to the predetermined arrival rates and OD table, the arrival passengers are
distributed to each station and then to each in-service train. Assume only one train

direction (e.g., up or down) is considered,

W _
Neijp=Hya, ;B (B.1)
1
> NN k=1,
NW . J=i+l S P
e T L (B.2)
bt ~ Nty 2 e Niigps K#L
. W B .
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Ny, = B.3
k,i,p i—1 P ( . )
. w B i ON i OFF .
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| (N
OFF _ J-1,;ON JV ki j,p A7ON
Nk,j,p T L=l Nk,i,j,p - Zi:l NV Nk,i,p’ (B-4)
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U o B.5
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B _ 1 K, ~/B
Ni,p,n - KN Zklek,i,p’ (B6)
n

where the total waiting passengers N," »

at station 7 1s calculated by (B.1)~(B.2), H,

is the headway of train k, «, ; is the OD element, g, is the arrival rate, N,% is

the proportion of N, , Who travel from station i to j. Then, the passengers getting on
NN and off N2 can be calculated by (B.3)~(B.4), N2 is the maximum train

k,i,p k,i,p max

capacity. The onboard passengers N, , on each train can be obtained by (B.5). Finally,
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B . . N .
the average onboard passengers N, , is obtained by (B.6), K, is the number of

trains running at interval n.
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