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H I G H L I G H T S

• Railway microgrids are deployed at traction-network weak nodes for voltage support.

• A dynamic traction power flow model captures moving trains and weak-node voltage.

• A hierarchical reinforcement learning framework coordinates voltage and cost goals.

• A Soft-Min critic selection enhances DSAC-T for stable policy learning.

• A UK feeding zone case reduces cost by 35.2% and voltage deviation by 30.5%.
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A B S T R A C T

Railway electrification is emerging worldwide as a key enabler of high-capacity, low-carbon transport. However, 

this transition introduces substantially more inflexible traction loads while leaving much of the regenerative brak­

ing energy underutilized. This may further place additional strain on already stretched power grids, degrading 

traction voltage stability and the overall system energy performance. This paper presents a novel dynamic and 

economic energy management solution for railway power supply systems, which integrates a railway microgrid 

at the terminal station of a feeding zone of the traction network and coordinates on-site energy storage systems, 

renewable generation, and local utility grid resources to enhance the overall system efficiency while sustaining 

desired traction voltage levels. A hierarchical reinforcement learning framework is designed to determine the 

optimal strategies. In this framework, the upper-level agent provides time varying allowable voltage ranges to 

the lower-level agent, which serve as reference guidance for energy management. Subsequently, the lower-level 

agent treats these received voltage bands as operational limits, enabling it to coordinate energy scheduling while 

maintaining voltage regulation performance. Case studies conducted on a representative UK feeding zone demon­

strate that the proposed solution can effectively improve the traction voltage level at a weak node in the traction 

network while cutting the grid electricity procurement costs by as much as 35.2%, highlighting its practical 

significance for railway electrification. 

1 . Introduction

Railway electrification underpins the global ambition to decarbonize 

transport, offering a scalable pathway to high-capacity, low-carbon 

mobility for both passenger and freight services [1]. However, the accel­

erated expansion of electrified railways brings with it new operational 

and technical challenges [2,3]. First, the significantly increased inflex­

ible traction load stresses an already stretched power grid, creating 

serious challenges for preserving high energy efficiency while keeping 

operating costs in check [4]. Furthermore, adding the highly fluctuating 

and regenerative characteristics of traction loads introduces further dif­

ficulties in preserving stable traction voltages throughout the traction 

network [5,6]. Addressing these interconnected issues demands novel 

and viable solutions that will support the ongoing decarbonization and 

enhanced operation of electrified railway networks.

Existing research on railway power supply systems mainly focuses 

on improving energy efficiency and reducing energy costs [7]. Typical 
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\begin {align}&\min \mathcal {F} = \underbrace {\sum _{t=1}^{T} \left (P_t^{lp}\zeta _t^{lp}+P_t^{\mathrm {tr}}\zeta _t^{\mathrm {tr}}\right )\mathcal {T}_s}_{\text {Cost}} + w\underbrace {\sum _{t=1}^{T} {\left (V_t^{MG}-V^{ref}\right )}^2}_{\text {Voltage deviation penalty}} \nonumber \\ &\qquad \qquad + \lambda _{{\textrm {vio}}} \underbrace {\sum _{t=1}^{T} \left [ {\left (V_t^{l,ref}-V_t^{MG}\right )}_+^{2} + {\left (V_t^{MG}-V_t^{h,ref}\right )}_+^{2} \right ]}_{\text {Voltage violation penalty}}, \label {eq:objective_function}\\ \label {ieq1} & {(x)}_+=\max (0,x),\\ \label {ieq2} & \underline {V} \leq V_t^{l,ref} \leq V_t^{h,ref} \leq \overline {V}.\end {align}


\begin {align}&\min \mathcal {F} = \underbrace {\sum _{t=1}^{T} \left (P_t^{lp}\zeta _t^{lp}+P_t^{\mathrm {tr}}\zeta _t^{\mathrm {tr}}\right )\mathcal {T}_s}_{\text {Cost}} + w\underbrace {\sum _{t=1}^{T} {\left (V_t^{MG}-V^{ref}\right )}^2}_{\text {Voltage deviation penalty}} \nonumber \\ &\qquad \qquad + \lambda _{{\textrm {vio}}} \underbrace {\sum _{t=1}^{T} \left [ {\left (V_t^{l,ref}-V_t^{MG}\right )}_+^{2} + {\left (V_t^{MG}-V_t^{h,ref}\right )}_+^{2} \right ]}_{\text {Voltage violation penalty}}, \label {eq:objective_function}\\ \label {ieq1} & {(x)}_+=\max (0,x),\\ \label {ieq2} & \underline {V} \leq V_t^{l,ref} \leq V_t^{h,ref} \leq \overline {V}.\end {align}


\begin {align}&\min \mathcal {F} = \underbrace {\sum _{t=1}^{T} \left (P_t^{lp}\zeta _t^{lp}+P_t^{\mathrm {tr}}\zeta _t^{\mathrm {tr}}\right )\mathcal {T}_s}_{\text {Cost}} + w\underbrace {\sum _{t=1}^{T} {\left (V_t^{MG}-V^{ref}\right )}^2}_{\text {Voltage deviation penalty}} \nonumber \\ &\qquad \qquad + \lambda _{{\textrm {vio}}} \underbrace {\sum _{t=1}^{T} \left [ {\left (V_t^{l,ref}-V_t^{MG}\right )}_+^{2} + {\left (V_t^{MG}-V_t^{h,ref}\right )}_+^{2} \right ]}_{\text {Voltage violation penalty}}, \label {eq:objective_function}\\ \label {ieq1} & {(x)}_+=\max (0,x),\\ \label {ieq2} & \underline {V} \leq V_t^{l,ref} \leq V_t^{h,ref} \leq \overline {V}.\end {align}
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\begin {align}P_{t}^{\mathrm {tr}}+P_{t}^{lp}+P_{t}^{PV}+\lambda _{t}*&P_{t}^{dis} = P_{t}^{tl}+P_{t}^{ntl}+\lambda _{t}^{\prime }*P_{t}^{ch}\label {ieq3}\end {align}


\begin {align}\label {ieq4} &P_{t}^{\mathrm {tr}} \leq \overline {P}^{\mathrm {tr}}\\ \label {ieq5} &P_{t}^{lp} \leq \overline {P}^{lp}\\ \label {ieq6} &V_t^{l,ref} \leq V_t^{MG} \leq V_t^{h,ref}\end {align}


\begin {align}\label {ieq4} &P_{t}^{\mathrm {tr}} \leq \overline {P}^{\mathrm {tr}}\\ \label {ieq5} &P_{t}^{lp} \leq \overline {P}^{lp}\\ \label {ieq6} &V_t^{l,ref} \leq V_t^{MG} \leq V_t^{h,ref}\end {align}
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\begin {align}\label {ieq13} &P^{PV}_{t}=N^{PV} \overline {P}^{PV} * \frac {G_{t}}{G^{\text {ref}}} *\left [1+{\textrm {a}}_{t}\left (\vartheta ^{sp}_{t}-\vartheta ^{\text {ref}}\right )\right ]\end {align}
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$2 \times 2$


\begin {align}\label {ieq16} \mathbf {Z}_{\text {unit}}=\left [\begin {array}{ll} \mathbf {Z}_{c c, \text {unit}} & \mathbf {Z}_{c r, \text {unit}} \\ \mathbf {Z}_{r c, \text {unit}} & \mathbf {Z}_{r r, \text {unit}} \end {array}\right ]\end {align}
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\begin {align}\label {ieq22} &I_{p,c}^{inj}={\left (\frac {P_{load, p}}{V_{df, p}}\right )}^*=\frac {P_{load,p}}{V_{df, p}^*}\\ \label {ieq23} &I_{p,r}^{inj}= - I_{p,c}^{inj}\end {align}
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\begin {align}\label {ieq46} b=\xi \cdot \mathbb {E}_{(s, a)}[\sigma (s, a)], \quad \omega =\mathbb {E}_{(s, a)}\left [\sigma ^2(s, a)\right ]\end {align}


$\xi $


$\omega $


$Q$


\begin {align}\label {ieq47} \nabla _{\phi _i} \mathcal {J}_Z \approx \left (\omega +\varepsilon \right )[-\tfrac {\left (y_q^{\min }-Q_{\phi _i}\right )}{\sigma ^2+\varepsilon } \nabla Q_{\phi _i}- \tfrac {{\left (C\left (y_z^{\min } ; b\right )-Q_{\phi _i}\right )}^2-\sigma ^2}{{\left (\sigma ^2+\varepsilon \right )}^{3 / 2}} \nabla \sigma _{\phi _i}]\end {align}


$\varepsilon $
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$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


\begin {align}\label {ieq49} &y_q^{{\textrm {soft}}}=r+\gamma \left (Q_{{\textrm {sm}}}\left (s^{\prime }, a^{\prime }\right )-\alpha \textrm {log} \pi \left (a^{\prime } \mid s^{\prime }\right )\right )\\ \label {ieq50} &y_z^{{\textrm {soft}}}=r+\gamma \left (Z_{{\textrm {sm}}}\left (s^{\prime }, a^{\prime }\right )-\alpha \textrm {log} \pi \left (a^{\prime } \mid s^{\prime }\right )\right )\end {align}


\begin {align}\label {ieq49} &y_q^{{\textrm {soft}}}=r+\gamma \left (Q_{{\textrm {sm}}}\left (s^{\prime }, a^{\prime }\right )-\alpha \textrm {log} \pi \left (a^{\prime } \mid s^{\prime }\right )\right )\\ \label {ieq50} &y_z^{{\textrm {soft}}}=r+\gamma \left (Z_{{\textrm {sm}}}\left (s^{\prime }, a^{\prime }\right )-\alpha \textrm {log} \pi \left (a^{\prime } \mid s^{\prime }\right )\right )\end {align}


\begin {align}\nabla _\phi \mathcal {J}_Z^{\text {soft}} \approx \left (\omega +\varepsilon _\omega \right )[-\tfrac {\left (y_q^{\text {soft }}-Q_\phi \right )}{\sigma ^2+\varepsilon } \nabla Q_\phi -\tfrac {{\left (C\left (y_z^{\text {soft }} ; b\right )-Q_\phi \right )}^2-\sigma ^2}{{\left (\sigma ^2+\varepsilon \right )}^{3 / 2}} \nabla \sigma ]\label {ieq51}\end {align}


\begin {align}\label {ieq52} \mathcal {J}_\pi =\mathbb {E}_{s, a \sim \pi }\left [Q_{{\textrm {sm}}}(s, a)-\alpha \textrm {log} \pi (a \mid s)\right ]\end {align}
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\begin {align}\label {eq:softmin_bound_2} m-\frac {\textrm {log} 2}{\beta } \leq Q_{{\textrm {sm}}}(s,a) \leq m\end {align}
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$\beta \rightarrow \infty $


$Q_{{\textrm {sm}}}(s,a)$


\begin {align}\label {eq:softmin_gradient} \frac {\partial Q_{{\textrm {sm}}}}{\partial Q_{\phi _i}} = \frac {e^{-\beta Q_{\phi _i}}} {e^{-\beta Q_{\phi _1}}+e^{-\beta Q_{\phi _2}}}, \quad i=1,2\end {align}
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Nomenclature

A. Abbreviations (Alphabetically)

AC Alternating Current.

DC Direct Current.

DDPG Deep Deterministic Policy Gradient.

DERs Distributed Energy Resources.

DQN Deep Q-Learning Network.

DSAC Distributional Soft Actor–Critic.

EMD Empirical Mode Decomposition.

EVS Expected Value Substituting.

HRL Hierarchical Reinforcement Learning.

MDP Markov Decision Process.

OPEX Operating Expenditure.

PV Photovoltaic.

RBE Regenerative Braking Energy.

REG Renewable Energy Generation.

RL Reinforcement Learning.

RPSS Railway Power Supply System.

SD Standard Deviation.

TD3 Twin Delayed Deep Deterministic Policy Gradient.

TVDL Twin Value Distribution Learning.

VBGA Variance-Based Gradient Adjusting.

B. Key Parameters and Variables (Alphabetically)

𝜆′𝑡 Binary variable, battery charging state.

𝜆𝑡 Binary variable, battery discharging state.

𝐘bus Admittance matrix of traction network.

𝐙unit Per-unit-length impedance of traction network.

𝜁 𝑙𝑝𝑡 Electricity rates of the local power grid.

𝜁 tr𝑡 Electricity rates of the traction network.

𝐸𝑡 Battery stored energy.

𝑃 𝑛𝑡𝑙
𝑛,𝑡 Non-traction demand.

𝑃 𝑐ℎ
𝑡 Battery charging power.

𝑃 𝑑𝑖𝑠
𝑡 Battery discharging power.

𝑃 𝑙𝑝
𝑡 Import power from local power grid.

𝑃 𝑃𝑉
𝑡 PV power generation.

𝑃 𝑡𝑙
𝑡 Traction demand.

𝑃 tr
𝑡 Import power from feeder station.

𝑆𝑡 Battery state of charge.

𝑉 MG
𝑡 Traction voltage at railway microgrid node.

𝑉 ℎ,𝑟𝑒𝑓
𝑡 Upper level agent upper voltage reference limit.

𝑉 𝑙,𝑟𝑒𝑓
𝑡 Upper level agent lower voltage reference limit.

solutions involve integrating renewable generation into railway power 

supply systems to provide clean energy supply and reduce electricity 

procurement costs, or deploying energy storage systems to enhance the 

utilization of regenerative braking energy, thereby improving overall 

energy efficiency [8,9]. For example, Chen et al. [10] integrate en­

ergy storage systems into railway power supply systems to improve 

regenerative braking energy utilization and mitigate the energy man­

agement challenges caused by the high volatility of traction loads. To 

accurately assess the carbon emission reductions facilitated by the inte­

gration of renewable energy into railway systems, Li et al. [11] propose 

a carbon emission responsibility accounting framework tailored for DC 

traction power supply systems. This framework establishes an operable 

mechanism for quantifying the decarbonization benefits associated with 

renewable energy integration. The work in [12] further investigates the 

optimal deployment strategy of energy storage systems and PV gener­

ation within the traction network to maximize the utilization of these 

distributed energy resources, thereby effectively enhancing the energy 

efficiency of the railway power supply system and minimizing electricity 

purchasing costs. Although these studies demonstrate the potential for 

achieving substantial economic and environmental benefits for railway 

power supply systems, they devote limited attention to traction voltage 

regulation. Given that traction voltage directly impacts the performance 

of electric trains, it represents a critical aspect in the energy management 

of electrified railway systems [13,14].

Recent advances in smart grid technology have spurred the use of mi­

crogrids to coordinate distributed energy resources, thereby smoothing 

voltage profiles and reinforcing overall grid stability [15]. For example, 

Sun et al. [16] propose a voltage regulation scheme for all-electric ships 

operating within a port microgrid. This scheme employs a centralized 

microgrid controller to coordinate the ships’ load demands with PV gen­

eration, thereby achieving optimal voltage regulation while effectively 

reducing power losses. The authors in [17] propose a stochastic opti­

mization strategy for voltage control in a distribution network integrated 

with microgrids comprising PV generation and electric vehicles. The 

results demonstrate that microgrid integration can effectively coordi­

nate distributed energy resources, thereby mitigating voltage imbalance 

across the system. In [18], the microgrids integrated with shared en­

ergy storage systems are utilized to provide voltage regulation services 

for the distribution network. The results confirm that the integration 

of shared storage can further enhance the economic efficiency of energy 

scheduling and voltage regulation performance in distribution networks. 

The effectiveness of microgrid technology in energy management is 

equally applicable to railway power supply systems. The integration 

of microgrids can facilitate the coordinated utilization of distributed 

energy resources and further optimize power flow distribution within 

traction networks, thus offering the potential to enhance traction voltage 

quality alongside energy scheduling.

While microgrid technology could enhance the flexibility and ef­

ficiency of railway power supply systems, it also introduces growing 

complexities in energy management. The dynamic nature of train oper­

ations, the fluctuation of traction loads, and the intermittency and un­

certainty of renewable energy generation pose significant challenges for 

traditional model-based optimization methods, including deterministic 

optimization methods [19] and heuristic algorithms [20], in achieving 

reliable solutions. Reinforcement Learning (RL), a data-driven opti­

mization technique, allows an agent to learn optimal policies through 

direct interaction and trial-and-error with its environment, thereby ob­

viating the need for an explicit and precise mathematical model of 

the system [21]. This inherent characteristic grants RL distinct advan­

tages in tackling decision-making problems that involve high degrees 

of nonlinearity, significant uncertainties, and complex environmental 

dynamics [22]. Therefore, applying RL to energy management in rail­

way power supply systems can effectively overcome the limitations 

of conventional approaches and deliver more flexible and intelligent

solutions.

Leveraging the inherent merits of reinforcement learning, some re­

cent studies have employed RL to explore optimal energy management 

strategies for railway power supply systems. In [23], a deep-Q-network 

(DQN) energy management strategy is developed to improve the en­

ergy efficiency of the railway power supply systems. By employing 

reinforcement learning for the intelligent scheduling of batteries inte­

grated at feeder stations, the proposed strategy effectively improves the 

utilization of both renewable generation and regenerative braking en­

ergy. To address the oversight of thermal impacts in existing energy 

management for Hydrogen Fuel Cell train systems, Jiang et al. [24] pro­

pose a collaborative energy and thermal management strategy based on 

deep reinforcement learning. By leveraging the adaptability of DRL to 

environmental dynamics, this strategy effectively overcomes the limita­

tions of traditional methods in handling the complex coupling between 

energy and thermal management issues. However, the strategies from 
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these studies still focus largely on improving energy efficiency, failing 

to address the vital need for traction voltage regulation.

To address the aforementioned research gaps, this paper proposes a 

hierarchical reinforcement learning framework for coordinated energy 

scheduling and voltage regulation in a railway power supply system 

integrated with a railway microgrid. Different from many existing rail­

way energy management studies that mainly treat traction demand as 

an aggregated load, the proposed framework explicitly incorporates 

the traction network power flow model, where moving train loads, 

time-varying network conditions, and weak-node voltage responses are 

all considered. This enables the proposed framework to move beyond 

purely energy-efficiency-oriented scheduling by directly evaluating the 

impact of integrated microgrid operation on power flow distribution 

and supporting voltage regulation at weak traction network nodes. In 

the proposed hierarchical framework, the upper-level agent dynamically 

determines the desired traction voltage band according to the operating 

condition of the traction network, while the lower-level agent schedules 

the microgrid energy resources under the supervisory voltage references. 

As a result, the proposed method provides a coordinated mechanism 

to balance economic energy scheduling with voltage regulation support 

for weak traction network nodes, thereby offering effective operational 

support for the traction network.

A critical distinction exists between the present study and our earlier 

work in Ref. [3], despite their shared contextual basis in railway micro­

grid integration. Ref. [3] centers on coordinated energy scheduling at 

a co-phase feeder station, with the dual aims of minimizing operational 

expenditures and alleviating three-phase voltage imbalance arising from 

single-phase traction loads. The present work, by contrast, focuses on co­

ordinated scheduling and voltage regulation for weak nodes within the 

traction network. To address this, this study explicitly constructs a trac­

tion power flow model that captures the temporal variability of train 

loads and network conditions, and also introduces a hierarchical rein­

forcement learning framework designed to reconcile economic dispatch 

with weak-node voltage support. Notably, the power flow model, the 

regulation scheme, and the hierarchical algorithm are all novel devel­

opments that have not been previously presented. An overview of the 

proposed framework is illustrated in Fig. 1, and the main contributions 

of the paper are summarized as follows:

1. Physical Architecture Innovation: To support the further elec­

trification of railways, this study proposes the integration of 

railway microgrids at traction-network weak nodes. By incorpo­

rating distributed energy resources and energy storage at these 

critical locations, the proposed microgrid architecture goes be­

yond simply supplementing the existing power supply. It also 

enhances operational flexibility, improves energy efficiency, and 

provides active traction-voltage support.

2. High-Fidelity Modeling: Unlike many existing studies that rep­

resent traction demand as an aggregated demand profile, this 

study develops a traction-network-aware energy management 

formulation by explicitly incorporating a dynamic traction power 

flow model. The proposed formulation captures moving train 

loads, time-varying network operating conditions, and weak-

node voltage responses, thereby enabling a network-consistent 

and operationally realistic assessment of the impacts of railway 

microgrids on the wider traction power system.

3. Hierarchical Decision-Making Framework: To address the result­

ing operational complexity, this study introduces a hierarchical 

reinforcement learning framework that decomposes the energy 

management problem into strategic upper-level decision-making 

and operational lower-level control. This two-tier structure coor­

dinates two closely coupled yet potentially conflicting objectives, 

namely traction-voltage regulation and economic energy schedul­

ing, within a unified optimization framework.

4. Robust Algorithmic Advancement: To improve learning stabil­

ity and reliability in highly nonlinear and time-varying traction 

environments, this study enhances the DSAC-T algorithm by in­

troducing a Soft-Min-based critic selection strategy. By replacing 

the conventional hard-minimum critic selection with a smoother 

approximation, the proposed method mitigates abrupt value 

estimation changes, thereby improving training stability and 

supporting more robust policy learning under dynamic railway 

operating conditions.

The rest of this paper is organized as follows: Section 2 formulates 

the power flow and energy scheduling models for the railway power 

supply system integrated with a railway microgrid. Section 3 details the 

proposed hierarchical reinforcement learning framework. Case studies 

and corresponding analyses are provided in Section 4. Finally, Section 5 

concludes the paper.

2 . Model formulation

This section provides the mathematical basis for the proposed frame­

work. Section 2.1 describes the railway microgrid and formulates the 

energy management model for the railway power supply system inte­

grated with the microgrid. Section 2.2 subsequently derives a power 

Fig. 1. System configuration diagram.
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flow model specifically designed for the traction network, which enables 

dynamic computation of nodal electrical states and serves as the basis 

for quantitatively evaluating the effectiveness of the proposed energy 

management framework.

2.1 . Railway microgrid configuration and energy management system 

modeling

As shown in Fig. 1, the proposed railway microgrid is located at a 

terminal station (or a weak node) of a traction feeding zone. It functions 

as a nexus that integrates the traction network with local distributed en­

ergy resources (DERs) and local utility grid. As illustrated in Fig. 1, the 

microgrid integrates PV generation, an energy storage system, and the 

local utility grid to support the traction network. The PV unit and the 

local grid serve as complementary power sources to the existing feeder 

station, while the energy storage system can effectively enhance supply–

demand flexibility. By transforming the traction network from a passive, 

single-source supply system into an active multi-source system, the pro­

posed railway microgrid can provide voltage support at the weak nodes 

of the traction network, enhance supply flexibility, and improve overall 

energy efficiency.

It should be noted that the primary aim of this study is to examine the 

microgrid support for the traction network. Accordingly, the microgrid 

is modeled as an aggregated node interfaced with the traction network, 

through which it affects the traction network power flow and the asso­

ciated energy supply. The resulting energy management model for the 

railway power supply system integrated with the proposed microgrid is 

presented below.

2.1.1 . Objective function

The objective function is formulated to simultaneously minimize the 

system operating cost, suppress the traction voltage fluctuation, and 

penalize potential voltage limit violations:

minF =
𝑇
∑

𝑡=1

(

𝑃 𝑙𝑝
𝑡 𝜁 𝑙𝑝𝑡 + 𝑃 tr

𝑡 𝜁 tr𝑡
)

T𝑠
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

Cost

+𝑤
𝑇
∑

𝑡=1

(

𝑉 𝑀𝐺
𝑡 − 𝑉 𝑟𝑒𝑓 )2

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Voltage deviation penalty

+ 𝜆vio

𝑇
∑

𝑡=1

[

(

𝑉 𝑙,𝑟𝑒𝑓
𝑡 − 𝑉 𝑀𝐺

𝑡

)2

+
+
(

𝑉 𝑀𝐺
𝑡 − 𝑉 ℎ,𝑟𝑒𝑓

𝑡

)2

+

]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Voltage violation penalty

, (1)

(𝑥)+ = max(0, 𝑥), (2)

𝑉 ≤ 𝑉 𝑙,𝑟𝑒𝑓
𝑡 ≤ 𝑉 ℎ,𝑟𝑒𝑓

𝑡 ≤ 𝑉 . (3)

where 𝑃 𝑙𝑝
𝑡  and 𝑃 tr

𝑡  denote the power drawn from the local grid and the 

traction network, respectively. 𝜁 𝑙𝑝𝑡  and 𝜁 tr𝑡  correspond to the electricity 

tariffs for these two supply sources. The decision interval of the proposed 

model, denoted by T𝑠, is set to 30 s. 𝑤 is the weighting coefficient. 𝑉 𝑀𝐺
𝑡

denotes the traction voltage at the traction network node where the mi­

crogrid is connected, and 𝑉 𝑟𝑒𝑓  represents the rated operating voltage 

of the traction network. The first term in the objective function repre­

sents the total operating cost. The second term is the squared voltage 

deviation from the reference voltage, which is used to suppress volt­

age fluctuations under normal operating conditions. The coefficient 𝑤
is the weight assigned to this voltage deviation penalty and determines 

the trade-off between economic operation and voltage fluctuation sup­

pression. In this study, this parameter is set to 10, and a sensitivity 

analysis concerning this choice is provided in Section 4. The third term 

is the supervisory reference-band violation penalty. Specifically, 𝑉 𝑙,𝑟𝑒𝑓
𝑡

and 𝑉 ℎ,𝑟𝑒𝑓
𝑡  denote the lower and upper voltage reference bounds deter­

mined by the upper-level agent, respectively. These reference bounds are 

constrained within the admissible voltage range specified by EN 50,163, 

where 𝑉  and 𝑉  denote the lower and upper voltage limits, respectively 

[13]. The relationship between the EN 50,163 voltage limits and the 

supervisory voltage reference bounds is shown in (3), which ensures 

the voltage reference band selected by the upper-level agent remains 

standard-compliant. The coefficient 𝜆vio is chosen to be sufficiently large 

to enforce a heavy penalty when the actual traction voltage falls outside 

the supervisory reference band.

It is worth emphasizing that the proposed formulation describes a 

continuous control problem. The decision variables are all continuous, 

specifically including the traction voltage reference bounds prescribed 

by the upper-level agent and the battery charge/discharge power se­

lected by the lower-level agent. The battery power is represented as 

a signed continuous variable, with positive and negative signs indicat­

ing charging and discharging, respectively. As for the other terms in 

(1), such as 𝑃 tr
𝑡  and 𝑉 𝑀𝐺

𝑡 , they are not independent discrete or mixed-

integer variables; rather, they are continuous variables obtained through 

the power balance and traction power flow calculations following the 

execution of the control actions.

2.1.2 . System constraints

The traction network, augmented by the railway microgrid, is re­

quired to comply with the following constraints: (i) power balance, (ii) 

grid capacity and security, (iii) energy storage operating limits, and (iv) 

renewable generation availability.

Power Balance: This constraint ensures that the total power supply 

meets the total load demand within the electrified railway system. The 

constraint can be defined as:

𝑃 tr
𝑡 + 𝑃 𝑙𝑝

𝑡 + 𝑃 𝑃𝑉
𝑡 + 𝜆𝑡 ∗𝑃 𝑑𝑖𝑠

𝑡 = 𝑃 𝑡𝑙
𝑡 + 𝑃 𝑛𝑡𝑙

𝑡 + 𝜆′𝑡 ∗ 𝑃 𝑐ℎ
𝑡 (4)

where the power sources mainly consist of feeder stations, the local grid, 

PV generation, and battery discharging. The load demands primarily 

include traction loads, non-traction loads, and battery charging.

Grid Capacity and Security: This category of constraints requires that 

the power supplied by the feeder station and the local grid must not ex­

ceed their respective capacity limits, and that the voltages in the traction 

network must remain within the prescribed bounds:

𝑃 tr
𝑡 ≤ 𝑃

tr
(5)

𝑃 𝑙𝑝
𝑡 ≤ 𝑃

𝑙𝑝
(6)

𝑉 𝑙,𝑟𝑒𝑓
𝑡 ≤ 𝑉 𝑀𝐺

𝑡 ≤ 𝑉 ℎ,𝑟𝑒𝑓
𝑡 (7)

where 𝑃
tr

 represents the maximum power supply capacity of the feeder 

station, while 𝑃
𝑙𝑝

 denotes the maximum available capacity of the local 

grid.

Energy-Storage Operation: Battery state-of-charge (SoC) and 

charge/discharge rates are bounded within prescribed limits, which are 

represented by:

𝐸𝑡 = 𝐸𝑡−1 + 𝜂𝑐ℎ𝜆′𝑡𝑃
𝑐ℎ
𝑡 − 𝜆𝑡𝑃

𝑑𝑖𝑠
𝑡 ∕𝜂𝑑𝑖𝑠 (8)

0 ≤ 𝑃 𝑐ℎ
𝑡 ≤ 𝜆′𝑡𝑃

𝑐ℎ
(9)

0 ≤ 𝑃 𝑑𝑖𝑠
𝑡 ≤ 𝜆𝑡𝑃

𝑑𝑖𝑠
(10)

𝜆𝑡 + 𝜆′𝑡 ≤ 1 (11)

𝑆𝑡 =
𝐸𝑡
𝐸𝑟𝑐 (12)

𝑆 ≤ 𝑆𝑛,𝑡 ≤ 𝑆 (13)

where 𝑆𝑡 represents the SoC of the battery at time step 𝑡 and 𝐸𝑟𝑐  refers 

to the rated capacity. 𝑃
𝑐ℎ

 and 𝑃
𝑑𝑖𝑠

 indicate the maximum allowable 

charging and discharging power, respectively. 𝜆𝑡 and 𝜆′𝑡 are binary vari­

ables, and (11) ensures that the energy storage system cannot charge and 

discharge simultaneously. 𝑆 and 𝑆 specify the desired SoC boundaries.

PV Generation Availability: The available capacity of PV generation 

can be calculated as follows [25]:

𝑃 𝑃𝑉
𝑡 = 𝑁𝑃𝑉 𝑃

𝑃𝑉
∗

𝐺𝑡

𝐺ref ∗
[

1 + a𝑡
(

𝜗𝑠𝑝𝑡 − 𝜗ref)] (14)
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𝜗𝑠𝑝𝑡 = 𝜗𝑎𝑡 + 𝐺𝑡

(

𝜗NOCT − 20
800

)

(15)

0 ≤ 𝑃 𝑃𝑉
𝑡 ≤ 𝑃

𝑃𝑉
(16)

where 𝑁PV denotes the number of PV modules, and 𝑃
𝑃𝑉

 is the rated 

power output of each PV module. 𝐺𝑡 is the measured solar irradiance at 

interval 𝑡 and 𝐺ref refers to the reference irradiance. a𝑡 is the tempera­

ture derating coefficient of the PV array. The module temperature 𝜗𝑠𝑝𝑡  is 

obtained from (15), where 𝜗𝑎𝑡  and 𝜗NOCT correspond to the ambient and 

nominal operating temperatures, respectively.

2.2 . Traction network power flow model

The traction network power flow model developed in this paper is de­

signed to emulate the network’s electrical behavior under dynamic train 

operating conditions. Fig. 2 presents a concise overview of the traction 

network configuration considered in this study. Specifically, Fig. 2(a) 

is the equivalent circuit diagram of the adopted direct feeding system, 

serving as the foundation for formulating the admittance matrix [26]. 

Fig. 2(b) shows the simplified network topology, clarifying how differ­

ent node types are interconnected. The following sections describe the 

admittance matrix formulation and subsequent power flow calculations 

in detail.

2.2.1 . Admittance matrix formulation

The traction network can be viewed as a system of interconnected 

nodes and branches. As shown in Fig. 2(b), nodes in the network in­

clude: i) the slack bus, which supplies the system’s power, and provides 

a reference voltage 𝑉𝑠𝑙𝑎𝑐𝑘; ii) the cross-connection point, an electrical 

junction that links the up-line and down-line feeders to improve sup­

ply reliability, load balancing, and fault isolation; iii) dynamic train 

nodes, modeled as time-varying mobile power exchange points, where 

trains draw traction power from or inject regenerative braking power 

into the traction network; and iv) the railway microgrid node, which 

coordinates distributed energy resources to support traction network op­

erations by enhancing traction power supply, regulating voltage profiles, 

and increasing power supply flexibility.

For the traction network shown in Fig. 2(a), the nodes partition the 

traction network into distinct segments. The impedance of a line segment 

between two nodes is then obtained by multiplying the per-unit-length 

impedance by the segment length. In this way, the impedances between 

nodes in the traction network shown in Fig. 2(a) can be represented as 

a 2 × 2 matrix, accounting for the self and mutual impedances between 

the contact wire (conductor c) and the running rails (conductor r), as 

shown below.

𝐙unit =
[

𝐙𝑐𝑐,unit 𝐙𝑐𝑟,unit
𝐙𝑟𝑐,unit 𝐙𝑟𝑟,unit

]

(17)

Fig. 2. Traction network diagram for power flow modeling. (a) Equivalent cir­

cuit of the direct-feeding architecture for admittance matrix formulation; (b) 

simplified topology-level schematic of the traction network.

𝐙seg = 𝐙unit ⋅ 𝐿seg =
[

𝐙𝑐𝑐,unit ⋅ 𝐿seg 𝐙𝑐𝑟,unit ⋅ 𝐿seg
𝐙𝑟𝑐,unit ⋅ 𝐿seg 𝐙rr,unit ⋅ 𝐿seg

]

(18)

where 𝐙unit denotes the per-unit-length impedance and 𝐙seg represents 

the impedance of a specific segment. 𝐙𝑐𝑐  and 𝐙𝑟𝑟 denote the self-

impedances of the contact wire and the running rails, respectively, 

whereas 𝐙𝑐𝑟 and 𝐙𝑟𝑐  are the mutual impedances between these conduc­

tors. Based on these impedance calculations, the entire traction network, 

including dynamically positioned trains, can be represented at each time 

step 𝑡 by a system admittance matrix:

𝐘bus =

⎡

⎢

⎢

⎢

⎢

⎣

𝐘11 𝐘12 ⋯ 𝐘1𝑁
𝐘21 𝐘22 ⋯ 𝐘2𝑁
⋮ ⋮ ⋱ ⋮

𝐘𝑁1 𝐘𝑁2 ⋯ 𝐘𝑁𝑁

⎤

⎥

⎥

⎥

⎥

⎦

(19)

𝐘𝑘𝑘 =
∑

𝑚≠𝑘,𝑚∈Ω𝑘

𝐘𝑠𝑒𝑔
branch,𝑘𝑚 + 𝐘shunt,𝑘 (20)

𝐘𝑘𝑗 = −𝐘𝑠𝑒𝑔
𝑏𝑟𝑎𝑛𝑐ℎ,𝑘𝑗 , 𝑘 ≠ 𝑗 (21)

where 𝐘𝑠𝑒𝑔
𝑖𝑗  is a 2 × 2 submatrix obtained as the inverse of its corre­

sponding impedance, i.e., 𝐘𝑠𝑒𝑔
𝑖𝑗 = 𝐙−1

𝑖𝑗 . For any physical node 𝑘, the 

corresponding diagonal entry 𝐘𝑘𝑘 in the admittance matrix equals the 

sum of the admittances of all branches incident on node 𝑘, plus any 

shunt admittance at this node, as expressed in (20), where Ω𝑘 denotes 

the set of nodes directly connected to 𝑘. An off-diagonal entry 𝐘𝑘𝑗  is 

the negative mutual admittance between nodes 𝑘 and 𝑗; when no direct 

connection exists between the two nodes, 𝐘𝑘𝑗  is a null matrix.

As the trains move along the track, the sectional partitioning of the 

traction network is updated dynamically, thereby modifying the system-

wide admittance matrix at each simulation time step.

2.2.2 . Power flow solution

A Newton-Raphson algorithm is employed to solve the power flow 

of the traction network, determining the complex voltage of all nodes 

at each time instant [27]. The problem is formulated using current 

mismatch equations. For each non-slack electrical node 𝑝, the injected 

current 𝐼 𝑖𝑛𝑗𝑝  must equal the current flowing into the network from that 

node:

𝐼 𝑖𝑛𝑗𝑝 =
2𝑁
∑

𝑞=1

(

𝐘𝑏𝑢𝑠
)

𝑝𝑞 ⋅ 𝑉𝑞 (22)

where 𝑉𝑞  is the complex voltage of electrical node 𝑞. For a train node 𝑝, 
the injected current is computed from its power demand 𝑃𝑙𝑜𝑎𝑑,𝑝 and the 

voltage difference between the contact wire and the running rails at this 

node 𝑉𝑑𝑓 ,𝑝:

𝐼 𝑖𝑛𝑗𝑝,𝑐 =
(𝑃𝑙𝑜𝑎𝑑,𝑝

𝑉𝑑𝑓 ,𝑝

)∗

=
𝑃𝑙𝑜𝑎𝑑,𝑝

𝑉 ∗
𝑑𝑓 ,𝑝

(23)

𝐼 𝑖𝑛𝑗𝑝,𝑟 = −𝐼 𝑖𝑛𝑗𝑝,𝑐 (24)

where 𝐼 𝑖𝑛𝑗𝑝,𝑐  and 𝐼 𝑖𝑛𝑗𝑝,𝑟  represent the directions of current flow at node 𝑝
on the contact wire side and on the running rail side, respectively. It is 

worth noting that, in the implemented traction power-flow model, trains 

are not assigned to predefined fixed electrical nodes or approximated to 

the nearest node. Rather, every active train is modeled as a moving load 

node. For each power-flow calculation interval, the equivalent electrical 

position of a train is derived from its average location over that inter­

val. With this updated equivalent position, each active train is treated 

as a load node in the appropriate traction network branch, and the net­

work admittance matrix is updated correspondingly. Consequently, train 

movement is captured through a continuously updated moving-load 

formulation rather than a fixed-node approximation.
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Based on (22)-(24), the Newton-Raphson method iteratively com­

putes the nodal voltage vector. At each iteration, the current mismatch 

for every non-slack electrical node 𝑝 is given by the following expression, 

where 𝑉 (𝑖𝑡𝑒𝑟)
𝑞  denotes the intermediate iterative nodal voltage vector:

Δ𝐼 (𝑖𝑡𝑒𝑟)𝑝 = 𝐼 𝑖𝑛𝑗𝑝 −
2𝑁
∑

𝑞=1

(

𝐘𝑏𝑢𝑠
)

𝑝𝑞 ⋅ 𝑉
(𝑖𝑡𝑒𝑟)
𝑞 (25)

Then a Jacobian matrix 𝐽 𝑖𝑡𝑒𝑟, with elements 𝐽 (𝑖𝑡𝑒𝑟)
𝑝𝑞 =

𝜕
(

Δ𝐼 (𝑖𝑡𝑒𝑟)𝑝

)

𝜕𝑉 (𝑖𝑡𝑒𝑟)
𝑞

 can be 

introduced as follows:

𝐽 (𝑖𝑡𝑒𝑟)
𝑝𝑞 =

𝜕𝐼 𝑖𝑛𝑗,(𝑖𝑡𝑒𝑟)𝑝

𝜕𝑉 (𝑖𝑡𝑒𝑟)
𝑞

−
(

𝐘𝑏𝑢𝑠
)

𝑝𝑞 (26)

Let 
𝜕𝐼 inj

𝑝,𝑐
𝜕𝑉𝑝,𝑐

 and 
𝜕𝐼 inj

𝑝,𝑟
𝜕𝑉𝑝,𝑟

 be the partial derivatives of the load current with 

respect to the contact wire and rail voltages of node 𝑝, the non-zero 

partial derivatives in (26) are given as:

𝜕𝐼 inj,(𝑖𝑡𝑒𝑟)
𝑝,𝑐

𝜕𝑉 (𝑖𝑡𝑒𝑟)
𝑝,𝑐

=
𝑃𝑙𝑜𝑎𝑑,𝑝

(𝑉 ∗
𝑑𝑓 )

2
(27)

𝜕𝐼 inj,(𝑖𝑡𝑒𝑟)
𝑝,𝑟

𝜕𝑉 (𝑖𝑡𝑒𝑟)
𝑝,𝑟

= −
𝑃𝑙𝑜𝑎𝑑,𝑝

(𝑉 ∗
𝑑𝑓 )

2
(28)

These partial derivatives constitute the corresponding entries in 

𝐽 (𝑖𝑡𝑒𝑟). Then, the voltage corrections Δ𝑉 (𝑖𝑡𝑒𝑟) satisfy the following 

equation:

𝐽 (𝑖𝑡𝑒𝑟)Δ𝑉 (𝑖𝑡𝑒𝑟) = −Δ𝐼 (𝑖𝑡𝑒𝑟) (29)

and the nodal voltages are then updated by:

𝑉 (𝑖𝑡𝑒𝑟+1) = 𝑉 (𝑖𝑡𝑒𝑟) + Δ𝑉 (𝑖𝑡𝑒𝑟) (30)

The iterations based on the above equations continue until the max­

imum current mismatch magnitude falls below a predefined tolerance. 

Once convergence is achieved, the complete set of complex nodal volt­

ages at all nodes on the contact wire and rail conductors throughout the 

network can be determined.

3 . Proposed hierarchical reinforcement learning framework

In this study, a hierarchical reinforcement-learning (HRL) framework 

is proposed to concurrently optimize traction-voltage regulation and re­

source coordination in railway power supply systems with microgrid 

integration. Given the nonlinear, time-varying, and power flow-coupled 

nature of the formulated scheduling problem, reinforcement learning is 

adopted to learn an online feedback control policy from a high-fidelity 

traction-network simulation environment. To improve the stability and 

robustness of policy learning, a Soft-Min Distributional Soft Actor–Critic 

with three refinements (SM-DSAC-T) algorithm is developed as the core 

learning algorithm of the proposed HRL framework. This section first 

discusses the motivation for adopting reinforcement learning in the con­

sidered nonlinear traction power flow-constrained scheduling problem. 

The problem is then formulated as a Markov decision process (MDP), 

followed by the detailed mathematical formulation of the proposed 

SM-DSAC-T algorithm.

3.1 . Rationale for reinforcement learning

To solve the railway microgrid energy scheduling problem for­

mulated in this paper, a reinforcement learning (RL)-based solution 

framework is adopted. The use of RL is not motivated by the absence 

of a physical system model. On the contrary, as described in Section 2, 

this study establishes a detailed mathematical representation of both 

the traction network and the railway microgrid. This model is used as 

a high-fidelity simulation environment for offline training and perfor­

mance evaluation, rather than as a directly tractable online optimization 

model. The main motivation for employing RL lies in the difficulty of em­

bedding the complete nonlinear traction power flow formulation into a 

real-time model-based optimization routine.

From an optimization perspective, the problem considered in this 

study is a continuous, nonlinear, time-varying, and non-convex se­

quential decision-making problem. Although the number of explicit 

control variables is limited, each control action affects system operation 

through nonlinear and time-varying traction power-flow evaluations. In 

these evaluations, trains are represented as moving electrical nodes, 

whose number and equivalent electrical positions may vary between 

consecutive calculation steps. As a result, branch lengths and the net­

work admittance matrix need to be updated frequently. The complexity 

is further increased by regenerative braking, which introduces rapid 

bidirectional power fluctuations, and by the constant-power load charac­

teristic of trains, which couples train current injection with the unknown 

pantograph voltage. These factors make the overall scheduling prob­

lem, when coupled with traction power-flow calculations, inherently 

nonlinear, time-varying, and non-convex.

Directly embedding this formulation into a conventional model-

based optimization framework would require repeatedly solving a non­

linear and time-varying problem over the prediction horizon, resulting 

in a substantial online computational burden. By contrast, the proposed 

RL-based framework uses the same high-fidelity nonlinear model dur­

ing offline training and performance evaluation, while online execution 

only requires forward passes through the trained neural networks. This 

avoids solving complex non-convex optimization problems in real time. 

Therefore, reinforcement learning is adopted in this work as a practi­

cal solution that preserves nonlinear physical fidelity during training 

and validation, while shifting the main computational burden to the 

offline stage. This enables efficient real-time deployment under the 

highly dynamic and time-varying operating conditions of traction power 

systems.

3.2 . Markov decision process formulation

A Markov decision process (MDP) provides a canonical mathematical 

framework for sequential decision-making under uncertainty. The MDP 

of the hierarchical reinforcement learning framework developed in this 

paper can be expressed as: M ↦
⟨

S𝑢𝑝,S 𝑙𝑜𝑤,A𝑢𝑝,A𝑙𝑜𝑤,P𝑢𝑝,P 𝑙𝑜𝑤,R, 𝛾
⟩

. 

S𝑢𝑝 and S 𝑙𝑜𝑤 denote the state spaces of the upper-level and lower-level 

agents, while A𝑢𝑝 and A𝑙𝑜𝑤 denote their corresponding action spaces. 

The state transition function P : S𝑢𝑝 ×A𝑢𝑝 ↦ P𝑢𝑝(S𝑢𝑝) or S 𝑙𝑜𝑤 ×A𝑙𝑜𝑤 ↦
P 𝑙𝑜𝑤(S 𝑙𝑜𝑤) maps the probability distributions over the successor-state 

sets. Finally, R and 𝛾 represent the reward function and the discount 

factor, respectively. Under this hierarchical Markov decision process 

Fig. 3. Interaction mechanism between the proposed hierarchical agent frame­

work and the environment.
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framework, the interaction mechanism of the upper- and lower-level 

agents with the environment is illustrated in Fig. 3. In conjunction with 

the constructed environment, the detailed illustrations of the formulated 

MDP are introduced as follows.

State Space: The state space encapsulates the environmental infor­

mation accessible to the agent. Accordingly, the state vectors for the 

upper-level and lower-level agents are defined as follows:

𝐬up
𝑡 ↦

[

𝑇𝑡, 𝐸𝑡, 𝑉
MG
𝑡 , 𝑃 tl

𝑡 , IMF1,𝑡, IMF2,𝑡, Trend𝑡
]

. (31)

𝐬low
𝑡 ↦

[

𝑇𝑡, 𝐸𝑡, 𝑉
MG
𝑡 , 𝑃 tl

𝑡 , 𝑃
PV
𝑡 , 𝑉 ℎ,ref

𝑡 , 𝑉 𝑙,ref
𝑡

]

. (32)

For the upper-level agent, the state vector consists of the current 

time step, the battery energy level, the traction voltage at the traction 

network node where the microgrid is connected, the current traction 

demand, and three empirical mode decomposition (EMD)-derived trac­

tion voltage features, namely IMF1,𝑡, IMF2,𝑡, and Trend𝑡, where IMF1,𝑡
and IMF2,𝑡 denote the first two intrinsic mode functions extracted from 

the latest sliding-window voltage sequence, which capture recent local 

oscillatory components of the traction voltage, while Trend𝑡 represents 

the residual trend component reflecting the slow-varying baseline within 

the selected time window [28].

The EMD-derived features are calculated using a causal sliding-

window strategy. Since these features are only used by the upper-level 

agent, they are updated at the upper-level decision instant rather than 

at every lower-level simulation step. Specifically, at each upper-level 

decision instant, the historical sequence of the traction voltage at the 

MG-connected node over the most recent 15 min is collected with a 

30-s sampling resolution. EMD is then applied to this local historical 

voltage sequence to extract the first two intrinsic mode functions and 

the residual trend component as the voltage features of the upper-level 

agent. The 15-min sliding-window length is selected to match the su­

pervisory update interval of the upper-level agent. This configuration 

allows the upper-level agent to observe the voltage oscillation and trend 

information from the previous control interval, thereby providing aux­

iliary information for determining the voltage reference limits for the 

current control interval.

For the lower-level agent, the state vector primarily includes the cur­

rent time step, the battery energy level, the instantaneous traction line 

voltage at the MG connected node, the instantaneous traction load de­

mand, PV generation, and the upper and lower voltage reference limits 

prescribed by the upper-level agent. It should be noted that all elements 

of these state vectors are normalized prior to being fed to the respective 

agents.

Action Space: The action space defines the set of all possible deci­

sions the agents can make at each time step. The upper-level agent is 

responsible for providing the upper and lower voltage reference lim­

its 𝑉 ℎ,ref
𝑡 &𝑉 𝑙,ref

𝑡 , while the lower-level agent conducts battery power 

scheduling within the railway microgrid. The actions of the upper-level 

and lower-level agents can be expressed as:

𝑎𝑢𝑝𝑡 ↦
[

𝑉 ℎ,𝑟𝑒𝑓
𝑡 , 𝑉 𝑙,𝑟𝑒𝑓

𝑡

]

, 𝑎𝑢𝑝𝑡 ∈ A𝑢𝑝 (33)

𝑎𝑙𝑜𝑤𝑡 ↦
[

𝑃 𝑐ℎ
𝑡 , 𝑃 𝑑𝑖𝑠

𝑡

]

, 𝑎𝑙𝑜𝑤𝑡 ∈ A𝑙𝑜𝑤 (34)

Reward: The reward is designed based on the objective function of 

the proposed energy management model, as shown in (1). In the pro­

posed hierarchical framework, a shared system-level reward structure 

is adopted to coordinate voltage regulation and energy scheduling. It 

should be noted that this does not mean that the two agents receive 

exactly the same reward signal at every simulation step. The lower-

level agent receives the step-wise reward at each 30-s simulation step, 

corresponding to the immediate effect of the battery charging/discharg­

ing action. In contrast, the upper-level agent receives the accumulated 

reward over its 15-min supervisory control interval, during which the se­

lected voltage reference limits remain fixed. Therefore, the upper-level 

reward reflects the accumulated effect of voltage reference setting over 

the supervisory control interval, whereas the lower-level reward reflects 

the immediate effect of battery scheduling at each simulation step.

Although both reward signals are derived from the same system-

level objective, the two agents undertake different tasks in the proposed 

hierarchical framework. The upper-level agent determines the voltage 

reference limits, while the lower-level agent schedules the battery charg­

ing/discharging power under the voltage-guided operating conditions. 

Their responsibilities are differentiated by their action spaces, state rep­

resentations, and decision-making time scales. This design enables the 

shared reward structure to act as a global coordination signal, rather 

than implying identical optimization roles for the two agents. It also 

helps avoid potential policy conflicts that may arise when the upper 

layer is trained only with voltage-related rewards while the lower layer 

is trained only with cost-related rewards.

The 15-min interval is adopted as the supervisory update interval for 

the upper-level voltage reference limits, rather than as the physical sim­

ulation resolution. This setting is consistent with the commonly used 

power aggregation time scale in railway traction energy management 

studies, where traction power assessment is often conducted over a 15-

min averaging window [29]. Therefore, the upper-level agent provides 

a relatively stable supervisory signal for coordinating voltage regula­

tion and energy scheduling, while the lower-level battery scheduling and 

traction power flow simulation are still conducted at the 30-s resolution 

to preserve fast traction load dynamics.

To facilitate a clearer understanding of the proposed methodology, 

Fig. 4 presents the overall flowchart of the hierarchical reinforcement 

learning framework. As shown in the figure, the proposed method 

consists of two primary components, namely input collection and hierar­

chical decision-making. The environmental information is first gathered 

and structured into the state representations designated for the upper-

level and lower-level agents. Specifically, the upper-level agent receives 

the decision-interval state alongside the extracted historical voltage 

features, and generates supervisory voltage reference bounds at a 15-

minute interval. These voltage references are subsequently relayed to 

the lower-level agent as guidance signals. In response to the real-time 

operating state and the supervisory voltage references, the lower-level 

agent determines the battery charging/discharging power at a 30-second 

resolution. In this way, the upper-level and lower-level agents are coor­

dinated through supervisory voltage guidance, enabling the proposed 

framework to achieve a balanced trade-off between weak-node voltage 

regulation and energy scheduling.

3.3 . Introduction to SM-DSAC-T

To obtain robust energy management strategies for the railway 

power supply system, an SM-DSAC-T algorithm is developed to explore 

the most effective utilization of the railway microgrid to support the 

traction network. The proposed algorithm is based on the Distributional 

Soft Actor-Critic with Three Refinements (DSAC-T) framework, which 

enhances the performance of the popular Soft Actor-Critic (SAC) al­

gorithm by incorporating three core refinements: i) Expected Value 

Substituting (EVS), ii) Twin Value Distribution Learning (TVDL), and

iii) Variance Based Gradient Adjusting (VBGA), effectively improving 

the stability of the training process [30]. To further enhance the conti­

nuity of gradient propagation during training, the proposed SM-DSAC-T 

algorithm replaces the hard minimum operator employed in DSAC-T’s 

dual critic selection with a smooth minimum approximation strategy, 

leading to stronger convergence stability and smoother policy optimiza­

tion performance. The details of the proposed method are provided

below.

3.3.1 . Standard SAC and DSAC-T

The Soft Actor-Critic (SAC) is a popular off-policy algorithm designed 

to maximize an objective function within the maximum entropy rein­

forcement learning paradigm. By introducing an entropy regularization 
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Fig. 4. Overall flowchart of the proposed hierarchical reinforcement learning framework.

term to augment the expected return, the algorithm can maintain a mod­

erate level of stochasticity while pursuing high rewards, thereby further 

promoting exploration performance [31]. The objective function of SAC 

is defined as:

𝐽 (𝜋) =
∞
∑

𝑡=0
𝛾 𝑡𝔼(

𝑠𝑡 ,𝑎𝑡
)

∼𝜌𝜋

[

𝑟
(

𝑠𝑡, 𝑎𝑡
)

+ 𝛼H
(

𝜋
(

⋅ ∣ 𝑠𝑡
))]

(35)

where 𝐽 (𝜋) denotes the objective function of the policy 𝜋, which aims to 

maximize the expected cumulative return augmented with an entropy 

regularization term. 𝛾 is the discount factor, which is a constant within 

the interval (0, 1). 𝜋(𝑎 ∣ 𝑠) denotes the policy function, which returns the 

probability of selecting action 𝑎 when the environment resides in state 

𝑠. 𝔼(

𝑠𝑡 ,𝑎𝑡
)

∼𝜌𝜋  denotes the expectation taken over the state-action distri­

bution induced by policy 𝜋. 𝑟
(

𝑠𝑡, 𝑎𝑡
)

 represents the immediate reward 

function, which yields a scalar return obtained by taking action 𝑎𝑡 in 

state 𝑠𝑡. 𝛼 > 0 is the temperature coefficient that balances reward max­

imization and exploration. H
(

𝜋
(

⋅ ∣ 𝑠𝑡
))

 is the policy entropy term and 

can be defined as:

H(𝜋(⋅ ∣ 𝑠)) = −𝔼𝑎∼𝜋 [log𝜋(𝑎 ∣ 𝑠)] (36)

To optimize this objective, SAC adopts an actor-critic architecture 

based on the soft policy iteration framework, which primarily comprises 

two mechanisms: policy evaluation and policy improvement [32]. In the 

policy evaluation step, the algorithm aims to estimate the soft action-

value function 𝑄(𝑠, 𝑎), which corresponds to the expected discounted 

return plus future entropy bonuses. 𝑄(𝑠, 𝑎) can be defined as:

𝑄
(

𝑠𝑡, 𝑎𝑡
)

= 𝑟
(

𝑠𝑡, 𝑎𝑡
)

+ 𝛾𝔼(

𝑠𝑡+1 ,𝑎𝑡+1
)

∼𝜌𝜋
[

𝑄
(

𝑠𝑡+1, 𝑎𝑡+1
)

− 𝛼log𝜋
(

𝑎𝑡+1 ∣ 𝑠𝑡+1
)]

(37)

To mitigate the overestimation bias, SAC employs two parameterized 

soft Q-functions (critic networks), with parameters denoted as 𝜙1 and 

𝜙2. These critics are trained by minimizing the soft Bellman residual 

𝐽𝑄
(

𝜙𝑖
)

 [31]:

𝐽𝑄
(

𝜙𝑖
)

= 𝔼D

[

1
2

(

𝑄𝜙𝑖

(

𝑠𝑡, 𝑎𝑡
)

− 𝑦𝑡
)2

]

, 𝑖 ∈ {1, 2} (38)

where D denotes the experience replay buffer, utilized to store transition 

tuples generated during agent-environment interactions. The tempo­

ral difference target 𝑦𝑡 is computed via the clipped Double Q-learning 

mechanism, which can be mathematically formulated as [33]:

𝑦𝑡 = 𝑟𝑡 + 𝛾
(

min
𝑗=1,2

𝑄𝜙̄𝑗

(

𝑠𝑡+1, 𝑎𝑡+1
)

− 𝛼log𝜋𝜃
(

𝑎𝑡+1 ∣ 𝑠𝑡+1
)

)

. (39)

where 𝜙̄𝑗  denotes the parameters of the target networks. The deploy­

ment of target networks in SAC serves to ensure training stability. These 

networks are not updated via gradient descent but rather by tracking 

the critic network parameters using an exponential moving average.

Following the value estimation, the policy improvement phase of 

SAC primarily focuses on updating the policy network parameterized 

by 𝜃. To enable gradient backpropagation through the stochastic sam­

pling process, the algorithm incorporates the reparameterization trick. 

Specifically, the actor network outputs a mean vector 𝜇𝜃(𝑠𝑡) and a stan­

dard deviation 𝜎𝜃
(

𝑠𝑡
)

, while the action is computed via a deterministic 

transformation of independent noise, expressed as:

𝑎𝑡 = tanh
(

𝜇𝜃
(

𝑠𝑡
)

+ 𝜎𝜃
(

𝑠𝑡
)

⊙ 𝜖𝑡
)

, 𝜖𝑡 ∼ N (0, 𝐼) (40)

where 𝜖𝑡 is a standard Gaussian noise vector and ⊙ denotes the element-

wise product. tanh is an activation function that constrains the action 

within a bounded range. Then, the policy optimization objective 𝐽𝜋 (𝜃)
is defined as:

𝐽𝜋 (𝜃) = 𝔼𝑠𝑡∼D,𝜖𝑡∼N

[

𝛼log𝜋𝜃
(

𝑎𝑡 ∣ 𝑠𝑡
)

− min
𝑗=1,2

𝑄𝜙𝑗

(

𝑠𝑡, 𝑎𝑡
)

]

(41)

3.3.2 . Introduction to DSAC-T

Although SAC has demonstrated superior performance across diverse 

applications, its point-estimate critic network struggles to adequately 

characterize environmental uncertainty. Consequently, when applied to 

environments with highly volatile input data, such as train load de­

mand, SAC may exhibit low sample efficiency and poor training stability. 
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To address these limitations, Distributional Soft Actor-Critic (DSAC) is 

developed, which learns the entire distribution of returns defined as 

𝑍(𝑠, 𝑎) instead of a single scalar value. Here, 𝑍(𝑠, 𝑎) is defined as a 

Gaussian distribution:

𝑍(𝑠, 𝑎) ∼ N
(

𝑄(𝑠, 𝑎), 𝜎2(𝑠, 𝑎)
)

(42)

However, DSAC can suffer from training instability arising from 

high-variance gradients and a strong dependence on reward scaling. 

To address these issues, the DSAC-T algorithm builds upon DSAC by 

introducing three specific enhancements [30]:

i) Expected Value Substituting (EVS): In DSAC critic updates, the 

stochastic target 𝑦𝑧 is formulated as:

𝑦𝑧 = 𝑟 + 𝛾
(

𝑍
(

𝑠𝑡+1, 𝑎𝑡+1
)

− 𝛼log𝜋
(

𝑎𝑡+1 ∣ 𝑠𝑡+1
))

(43)

The direct use of this target for gradient computation leads to high 

variance. Consequently, EVS in DSAC-T substitutes this stochastic target 

𝑦𝑧 within the gradient term related to the mean with its deterministic 

expected value 𝑦𝑞 , expressed as:

𝑦𝑞 = 𝑟 + 𝛾
(

𝑄𝜙̄
(

𝑠𝑡+1, 𝑎𝑡+1
)

− 𝛼log𝜋
(

𝑎𝑡+1 ∣ 𝑠𝑡+1
))

(44)

where 𝜙̄ represents the target critic network parameters. This substitu­

tion maintains unbiasedness, as 𝔼[𝑦𝑧] = 𝑦𝑞 . The resultant critic gradient 

incorporating EVS is:

∇𝜙J𝑍 ≈ −

(

𝑦𝑞 −𝑄𝜙
)

𝜎2
∇𝜙𝑄𝜙 −

(

𝐶
(

𝑦𝑧; 𝑏
)

−𝑄𝜙
)2 − 𝜎2

𝜎3
∇𝜙𝜎 (45)

where J𝑍  represents the objective used to update the critic network in 

DSAC-T. 𝐶 (⋅; 𝑏) denotes a clipping function whose bounds ±𝑏 are adap­

tive. 𝑄𝜙 and 𝜎 denote the mean and standard deviation of the value 

distribution predicted by the current critic network, respectively.

ii) Twin Value Distribution Learning (TVDL): TVDL is adopted in 

DSAC-T to further reduce any remaining overestimation by utilizing a 

twin-critic setup. This involves maintaining two separate value distri­

butions. During each update step, the target critic yielding the lower 

estimated mean is chosen for conservatism:

𝑦min
𝑞 = 𝑟 + 𝛾

(

𝑄𝜙𝑖

(

𝑠′, 𝑎′
)

− 𝛼log𝜋
(

𝑎′ ∣ 𝑠′
)

)

(46)

𝑦min
𝑧 = 𝑟 + 𝛾

(

𝑍𝜙𝑖

(

𝑠′, 𝑎′
)

− 𝛼log𝜋
(

𝑎′ ∣ 𝑠′
)

)

(47)

where 𝑖 is an index that identifies the target network providing a more 

conservative Q-value estimation.

Similarly, the objective for policy optimization is modified to:

J𝜋 = 𝔼𝑠,𝑎∼𝜋

[

min
𝑖=1,2

𝑄𝜙𝑖 (𝑠, 𝑎) − 𝛼log𝜋(𝑎 ∣ 𝑠)
]

(48)

iii) Variance-Based Gradient Adjusting (VBGA): VBGA improves 

DSAC-T’s robustness to fluctuations in reward magnitudes. It achieves 

this by dynamically adapting the gradient clipping limits and scaling 

coefficients according to the standard deviation 𝜎:

𝑏 = 𝜉 ⋅ 𝔼(𝑠,𝑎)[𝜎(𝑠, 𝑎)], 𝜔 = 𝔼(𝑠,𝑎)
[

𝜎2(𝑠, 𝑎)
]

(49)

where 𝜉 serves as the scaling factor associated with the expected stan­

dard deviation of the action distribution, and 𝜔 is the expected variance 

of the 𝑄-value distribution. The comprehensive gradient update for 

DSAC-T critic network under VBGA is then formulated as:

∇𝜙𝑖J𝑍 ≈ (𝜔 + 𝜀) [−

(

𝑦min
𝑞 −𝑄𝜙𝑖

)

𝜎2+𝜀 ∇𝑄𝜙𝑖 −

(

𝐶
(

𝑦min
𝑧 ;𝑏

)

−𝑄𝜙𝑖

)2
−𝜎2

(

𝜎2+𝜀
)3∕2 ∇𝜎𝜙𝑖 ] (50)

where 𝜀 is a small constant set for numerical stability.

3.3.3 . The proposed SM-DSAC-T

Although DSAC-T achieves notable improvements, the hard mini­

mum selection mechanism in twin-critic estimates produces discontin­

uous gradients, which may lead to training instability. The proposed 

SM-DSAC-T method addresses this by substituting the hard minimum 

with a differentiable approximation known as Soft-Min, which is defined 

as:

𝑄sm(𝑠, 𝑎) = − 1
𝛽

log
(

𝑒−𝛽𝑄𝜙1 (𝑠,𝑎) + 𝑒−𝛽𝑄𝜙2 (𝑠,𝑎)
)

(51)

where 𝛽 is the smoothing parameter that controls the smoothing strength 

of the Soft-Min operator. A smaller 𝛽 value yields greater smoothing in 

the twin-critic selection, while a relatively larger 𝛽 value produces a 

sharper selection. In this study, 𝛽 is determined through a validation-

based sensitivity analysis with VBGA enabled. It should be noted that 𝛽
and VBGA play different roles: 𝛽 controls the smoothness of the Soft-Min-

based critic selection process, whereas VBGA adaptively scales value-

related updates to improve learning stability under different reward 

magnitudes. Consequently, although VBGA can reduce the Soft-Min op­

erator’s sensitivity to fluctuations in reward scale, it does not obviate 

the need for a suitably chosen 𝛽.

Correspondingly, the Soft-Min targets for critic updates become:

𝑦soft
𝑞 = 𝑟 + 𝛾

(

𝑄sm

(

𝑠′, 𝑎′
)

− 𝛼log𝜋
(

𝑎′ ∣ 𝑠′
))

(52)

𝑦soft
𝑧 = 𝑟 + 𝛾

(

𝑍sm

(

𝑠′, 𝑎′
)

− 𝛼log𝜋
(

𝑎′ ∣ 𝑠′
))

(53)

and the resulting critic gradient for Soft-Min DSAC-T is given by:

∇𝜙J soft
𝑍 ≈

(

𝜔 + 𝜀𝜔
)

[−

(

𝑦soft 
𝑞 −𝑄𝜙

)

𝜎2+𝜀 ∇𝑄𝜙 −
(

𝐶
(

𝑦soft 
𝑧 ;𝑏

)

−𝑄𝜙
)2−𝜎2

(

𝜎2+𝜀
)3∕2 ∇𝜎] (54)

Accordingly, the policy optimization objective is represented as:

J𝜋 = 𝔼𝑠,𝑎∼𝜋
[

𝑄sm(𝑠, 𝑎) − 𝛼log𝜋(𝑎 ∣ 𝑠)
]

(55)

The concise learning scheme of SM-DSAC-T is illustrated in Fig. 5.

3.3.4 . Theoretical properties of the soft-min operator

The following section presents a theoretical analysis of the proposed 

Soft-Min based critic selection mechanism. First, the Soft-Min operator 

provides a bounded approximation to the hard minimum. Let m denote 

the smaller of the two critic estimates, 𝑄𝜙1 (𝑠, 𝑎) and 𝑄𝜙2 (𝑠, 𝑎). Given 

that the dominant term in the log-sum-exp expression corresponds to 

the smaller critic value, the following inequality holds:

𝑒−𝛽𝑚 ≤ 𝑒−𝛽𝑄𝜙1 + 𝑒−𝛽𝑄𝜙2 ≤ 2𝑒−𝛽𝑚 (56)

By taking the logarithm and multiplying by −1∕𝛽, the Soft-Min target 

satisfies

𝑚 −
log2
𝛽

≤ 𝑄sm(𝑠, 𝑎) ≤ 𝑚 (57)

This bound indicates that the approximation error between the 

proposed Soft-Min operator and the original hard minimum is upper 

bounded by log2∕𝛽. As 𝛽 → ∞, 𝑄sm(𝑠, 𝑎) converges to the original hard-

min critic target. Therefore, the proposed SM-DSAC-T can be regarded 

as a smooth extension of DSAC-T rather than a change to its fundamental 

Bellman backup structure.

Second, the Soft-Min operator improves the smoothness of the twin-

critic selection. Its derivative with respect to each critic estimate is given 

by

𝜕𝑄sm

𝜕𝑄𝜙𝑖
= 𝑒−𝛽𝑄𝜙𝑖

𝑒−𝛽𝑄𝜙1 + 𝑒−𝛽𝑄𝜙2
, 𝑖 = 1, 2 (58)

Since the two derivative weights are non-negative and sum to unity, 

the Soft-Min operator aggregates the twin critics continuously and in 
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Fig. 5. Workflow of SM-DSAC-T.

a state-dependent manner, unlike the hard minimum, which selects a 

single critic abruptly. This continuity mitigates abrupt switching when 

the two estimates are close, thereby yielding a smoother critic target 

during training.

Third, the Soft-Min operator does not amplify the discrepancy be­

tween two sets of critic estimates. Let (𝑄1, 𝑄2) and (𝑄̂1, 𝑄̂2) denote two 

possible pairs of twin-critic estimates for the same state-action pair, 

where the hat notation represents a perturbed or alternative critic esti­

mate used for comparison. Since the derivative weights of the Soft-Min 

operator are non-negative and sum to one, the operator is 1-Lipschitz 

continuous under the supremum norm:

|

|

|

smin𝛽 (𝑄1, 𝑄2) − smin𝛽 (𝑄̂1, 𝑄̂2)
|

|

|

≤ max
𝑖=1,2

|𝑄𝑖 − 𝑄̂𝑖| (59)

which means that the variation in the Soft-Min target is bounded by the 

maximum variation in the two critic estimates.

Based on this property, the stability of the Bellman critic evaluation 

step can be further characterized. Define T 𝜋
𝛽  as the Bellman evaluation 

operator that employs the Soft-Min critic target under a fixed policy 𝜋. 

For two critic functions 𝑄 and 𝑄̂, let ‖𝑄 − 𝑄̂‖∞ denote the maximum 

absolute difference over all state-action pairs and both critic estimates. 

Under the same fixed policy, the reward term and the entropy term are 

identical; consequently, the only source of difference between the two 

Bellman backups is the Soft-Min critic target itself. Therefore, under 

bounded rewards and 𝛾 < 1, the following inequality holds:

‖T 𝜋
𝛽 𝑄 − T 𝜋

𝛽 𝑄̂‖∞ ≤ 𝛾‖𝑄 − 𝑄̂‖∞ (60)

This confirms that the proposed Soft-Min modification preserves the 

contraction-related stability of the critic evaluation step. In summary, 

the Soft-Min operator introduces only a bounded approximation er­

ror while simultaneously improving the smoothness of the twin-critic 

selection within DSAC-T. 

4 . Numerical results and analysis

This section presents a comprehensive evaluation and analysis of 

the performance of the proposed hierarchical reinforcement learning 

framework and the rationality of the energy management results. The 

experiments underpinning the analysis are conducted using Python (ver­

sion 3.8.19) on a workstation equipped with a 13th-Generation Intel(R) 

Core(TM) i9-13900 K CPU and an NVIDIA GeForce RTX 4080 GPU.

4.1 . Test system and experimental settings

4.1.1 . Test system

Following the model formulation principles detailed in Section 2, 

a power flow analysis model is developed for the traction network of 

a representative UK feeding zone. The proposed railway microgrid is 

integrated at the terminal station located at the farthest end of this feed­

ing zone. This microgrid coordinates PV generation, local utility grid, 

and battery storage to provide operational support and scheduling flex­

ibility to the traction network. The traction demand, PV generation, 

non-traction demand, and electricity tariff profiles adopted in the test 

system are shown in Fig. 6. Fig. 1 presents simplified schematic diagrams 

of the feeding zone and the railway microgrid, while Table 1 specifies 

the detailed configurations of the test systems. 

4.1.2 . Experimental settings

Regarding the experimental data used in the simulation studies, the 

traction load profile is derived from the train timetable of the considered 

feeding zone. Although train schedules are generally fixed and do not 

change frequently, the actual power demand of each service may deviate 

from the timetable-based estimation due to variations in train operation. 

Therefore, a zero-mean Gaussian perturbation with a standard deviation 

of 10% is introduced to the power demand of each individual service at 

each simulation time step before aggregating the total traction load of 

the feeding zone. This setting helps to provide a more realistic repre­

sentation of short-term operational uncertainty at the individual-train 

level and enhances the robustness of the proposed algorithmic frame­

work. Based on [34], PV generation data are estimated based on the PV 

generation potential at the considered station’s location and the avail­

able installation area at the station. Finally, non-traction load data are 

sourced from historical demand records for a representative month at 

the station where the microgrid is integrated. All these data are com­

piled into a training set to train the proposed hierarchical reinforcement 

learning framework. 

To empirically justify the 10% stochastic perturbation applied to 

the timetable-derived traction load, a verification was conducted using 

real GPS speed data collected from actual train operations in the rail­

way section considered in this study. The measured GPS speed profile 

over a 30-min period was compared with the standard three-stage speed 

trajectory adopted in the traction-load calculation, which consists of 

acceleration, cruising, and deceleration phases. The corresponding com­

parison is depicted in Fig. 7. Using the same power calculation model, 

traction power demand was derived from both profiles and aggregated 

at a 30‑second resolution.

The comparison results, presented in Fig. 8, indicate that the 

model‑derived speed and power profiles generally capture the domi­

nant operating characteristics of the GPS‑based data. Notably, 71.88% 

of the empirical power demand falls within a ±10% deviation band of the 

model-derived power. This finding supports the use of a 10% disturbance 

level as a reasonable representation of typical short-term traction-

load uncertainty under normal operating conditions. Accordingly, the 

Gaussian noise adopted in this study is intended to reflect moderate 

operational deviations from the timetable‑based traction demand.

It should be noted that some operation-related uncertainties, such 

as passenger load variation and regenerative braking efficiency varia­

tion, are not explicitly modeled as independent random variables in this 

study. Regarding passenger load variation, normal variations in passen­

ger weight are generally a secondary source of uncertainty affecting train 
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Table 1 

Parameter setting for the proposed Model.

Parameters Parameters

Name Symbol Value Unit Name Symbol Value Unit

System Configuration

Traction power limit 𝑃
tr

10,000 kW Local power limit 𝑃
𝑙𝑝

800 kW

Charging power limit 𝑃
𝑐ℎ

2000 kW Discharging power limit 𝑃
𝑑𝑖𝑠

2000 kW

PV capacity 𝑃
𝑃𝑉

500 kW Rated energy capacity 𝐸𝑟𝑐 2000 kWh

Minimum SOC 𝑆 0.1 – Maximum SOC 𝑆 0.9 –

Train Parameters

Train unladen weight – 138 t Train laden weight – 161 t

Regenerative efficiency – 0.8 – Traction efficiency – 0.9 –

Max braking power – 2000 kW Max traction power – 2000 kW

Traction Network Parameters

Catenary self-impedance 𝑧𝑐𝑐 0.267 + 𝑗0.731 Ω km−1 Rail self-impedance 𝑧𝑟𝑟 0.080 + 𝑗0.630 Ω km−1

Mutual impedance 𝑧𝑐𝑟∕𝑧𝑟𝑐 0.050 + 𝑗0.152 Ω km−1

Fig. 6. Load demand, PV generation, and electricity tariff profiles in the test 

system. (a) Traction demand. (b) PV generation. (c) Non-traction demand. (d) 

Electricity tariff.

Fig. 7. Comparison between the measured GPS speed profile and the timetable-

based standard three-stage speed trajectory adopted for power calculation.

power demand compared with the tare mass of the vehicle, and their 

impact can be partially reflected through the train-level traction power 

perturbation. For regenerative braking efficiency, an average fixed pa­

rameter is adopted in the current system-level energy management 

Fig. 8. GPS-based empirical verification of the traction-load uncertainty. (a) 

comparison of the 30-s average power demand calculated based on the mea­

sured operating speed and the model-adopted standard speed trajectory. (b) 

Visualization of the corresponding power deviation.

model. Under normal operating conditions, and when the traction 

network has sufficient absorption capability, the train-side regenera­

tive conversion efficiency is primarily governed by the traction drive 

chain, braking control characteristics, and operating speed. A signifi­

cant reduction in regenerative braking efficiency is more likely to occur 

under specific operating conditions, such as very low-speed braking, 

where mechanical braking may be partially involved. Thus, for the sys­

tem‑level scheduling problem addressed here, a fixed average efficiency 

is a reasonable simplification, consistent with assumptions adopted 

or discussed in previous railway energy studies [35,36]. Overall, the 

proposed uncertainty model should be interpreted as a simplified rep­

resentation of typical short‑term operational variability under normal

conditions.

4.1.3 . Case study setup

To investigate the effectiveness of the proposed hierarchical re­

inforcement learning framework, four case studies are designed as 

follows:

Case 1: Without railway microgrid integration, the traction network 

is powered exclusively by the feeder station.
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Table 2 

Quantitative performance comparison of Various reinforcement 

learning Algorithms.

Method 𝐼UAR 𝐼MER 𝐼QR 𝐼CVaR(0.2)

SM-DSAC-T −4204.96 −3952.97 118.45 −4788.51

DSAC-T −4262.39 −4004.21 139.03 −4851.11

SAC −4299.84 −3959.34 387.14 −4953.19

TD3 −4873.78 −4272.12 586.21 −5874.38

DDPG −4508.19 −4300.09 148.29 −4875.09

Table 3 

Convergence Statistics of the power flow Solver.

Metric Value

Convergence tolerance 1 × 10−5

Maximum iteration number 100

Convergence rate 100%

Average iteration number 5.025

Maximum observed iteration number 8

Maximum final current mismatch 9.84 × 10−6

Case 2: With railway microgrid integration, the traction network 

operates with a pre-defined voltage reference range of 24.5 kV to 

25.2 kV.

Case 3: With railway microgrid integration, the traction network 

operates with a pre-defined voltage reference range of 23.5 kV to 26 kV.

Case 4: Implement the proposed hierarchical approach. The upper-

level agent dynamically sets the voltage reference limits, selecting an 

upper bound within 25.2–26 kV and a lower bound within 23.5–24.5 kV. 

Following this, the lower-level agent carries out energy scheduling 

according to the specified voltage range.

Subsequent simulations are conducted to compare these case stud­

ies to validate the effectiveness of the proposed framework. It should 

be noted that the voltage range is selected based on a comprehensive 

evaluation of three key aspects: the feeding zone’s voltage profile, the 

available battery power and capacity, and the system’s responsiveness to 

voltage fluctuations caused by traction loads and regenerative braking.

4.1.4 . Numerical settings and convergence of the power flow solver

To ensure the numerical reliability of the traction power flow 

calculation, the convergence settings and iteration statistics of the 

Newton-Raphson solver are reported in this subsection. The iteration is 

terminated when the maximum current mismatch is below 1 × 10−5, and 

the maximum number of iterations is set to 100. Table 3 summarizes the 

relevant parameter settings, together with the convergence performance 

of the power flow calculations obtained in the experiments based on the 

proposed framework. As shown in this table, all power flow calculations 

converged successfully, corresponding to a convergence rate of 100%. 

The average number of Newton-Raphson iterations is 5.025, while the 

maximum observed number of iterations is 8. In addition, the maximum 

final current mismatch is 9.84× 10−6, which is below the prescribed con­

vergence tolerance. These results confirm the numerical stability and 

convergence reliability of the adopted traction power flow solver under 

the operating conditions considered in this study. 

4.2 . Learning performance evaluation and learning component ablation

4.2.1 . Learning performance evaluation

To validate the performance of the proposed SM-DSAC-T method, 

four other reinforcement learning methods with similar learning mech­

anisms are integrated into the developed hierarchical energy manage­

ment framework. These methods are then applied to the test system for 

a comparative performance analysis. The four algorithms used for com­

parison are DSAC-T [30], SAC [31], Twin Delayed Deep Deterministic 

Policy Gradient (TD3) [37], and Deep Deterministic Policy Gradient 

Table 4 

Method Hyperparameter Settings.

Hyperparameter Value

Optimizer Adam (𝛽1 = 0.9, 𝛽2 = 0.99)

Network learning rate 3 × 10−4

Entropy learning rate 3 × 10−4

Discount factor (𝛾) 0.99

Activation function tanh
Replay buffer size 1 × 106

Mini-batch size 384

Fig. 9. Comparison of reward evolution during training.

(DDPG) [38]. The main hyperparameter settings of these algorithms are 

summarized in Table 4.

Fig. 9 shows the evolution of the daily average reward over training 

episodes for both the proposed SM-DSAC-T and the four baseline algo­

rithms. In the figure, the light-colored curves represent the raw reward 

values per episode, while the solid curves indicate the smoothed reward 

trends obtained by averaging every 500 episodes. From the reward tra­

jectories, the proposed SM-DSAC-T achieves the best performance in 

terms of both exploration and exploitation. Although DSAC-T exhibits 

a similar convergence trend, it is outperformed by SM-DSAC-T in both 

peak reward and long-term stability. In contrast, the other baselines 

(SAC, TD3, and DDPG) suffer from slower convergence rates, significant 

reward oscillations, and performance degradation. These results confirm 

the superiority of SM-DSAC-T in convergence speed, reward stabil­

ity, and overall learning performance within the proposed hierarchical 

energy management framework.

Table 2 presents a comparative analysis of four performance indi­

cators for all evaluated algorithms, including the final average reward 

(𝐼UAR), the maximum episode reward (𝐼MER), the interquartile range 

(𝐼QR), and the Conditional Value at Risk evaluated at the 20th percentile 

(𝐼CVaR(0.2)). The results show that SM-DSAC-T outperforms the other 

methods across all indicators. Its highest average and maximum episodic 

rewards demonstrate effective exploration, while its lowest QR and 

highest CVaR values indicate greater training stability. Overall, these 

findings confirm that SM-DSAC-T achieves a more favorable trade-off 

between exploration and exploitation.

4.2.2 . Algorithmic and state-representation ablation analysis

To further clarify the contributions of the key learning components, 

this subsection presents an algorithmic and state-representation ablation 

analysis focusing on two elements: (i) the proposed Soft-Min operator in 

SM‑DSAC‑T, and (ii) the EMD‑derived features used in the upper‑level 

state representation.

First, the contribution of the proposed Soft-Min operator is eval­

uated through the comparison between SM-DSAC-T and the original 

DSAC-T. It should be noted that the original DSAC-T study has already 

provided systematic ablation experiments for its internal refinements, in­

cluding Expected Value Substitution, Twin Value Distribution Learning, 

and Variance-based Critic Gradient Adjustment. Detailed ablation exper­

iments for these components can be found in [30]. Since these compo­

nents are inherited from the established DSAC-T framework rather than 

Applied Energy 426 (2026) 128698 

12 



S. Zhao, K. Li, B. Sweeney et al.

newly proposed in this work, repeating their internal ablation is not the 

focus of this paper. Instead, this study focuses on demonstrating the ef­

fectiveness of replacing the hard-minimum mechanism in Twin Value 

Distribution Learning with the proposed Soft-Min mechanism. The per­

formance improvement of SM-DSAC-T over DSAC-T, as demonstrated 

in Fig. 9 and Table 2, directly reflects the contribution of the proposed 

Soft-Min mechanism.

Second, the contribution of the EMD-extracted state features is 

verified through a comparison between the proposed method and a vari­

ant devoid of EMD for state representation. In the proposed method, 

the upper-level agent observes the time index, battery energy level, 

microgrid voltage, traction load, and the decomposed traction volt­

age components. The EMD-derived features are incorporated to enable 

the upper-level agent to capture the recent multi-scale voltage fluc­

tuations when generating adaptive voltage reference limits. For the 

non-EMD variant, these decomposed components are removed from 

the upper-level state representation, while all other settings remain 

unchanged. Fig. 10 compares the reward trajectories obtained with 

and without the EMD-derived upper-level state features. The results 

indicate that the proposed method achieves a slightly higher steady-

state reward after convergence and exhibits a narrower fluctuation 

range. By contrast, the non-EMD variant shows more pronounced re­

ward oscillations, especially in the later training stage. These observa­

tions indicate that the EMD-derived components provide supplementary 

multi‑scale information that aids in generating adaptive voltage limits, 

ultimately improving post‑convergence stability and reducing reward

variability.

4.3 . Framework-level performance evaluation and ablation analysis

In this section, the effectiveness of the proposed hierarchical energy 

management framework is further evaluated through a comparative 

analysis of different cases. Specifically, Case 1 removes the integration 

of the railway microgrid and is used to assess the value of railway micro­

grid integration. Cases 2 and 3 retain the railway microgrid but replace 

the adaptive upper-level voltage reference generation with fixed voltage 

reference ranges, thereby simplifying the framework into a single-layer 

energy scheduling scheme. These two cases are designed to evaluate 

the contribution of the proposed hierarchical voltage reference mecha­

nism. Case 4 corresponds to the complete proposed framework, where 

Fig. 10. Learning performance comparison of SM-DSAC-T with and without 

EMD-based state representation.

Table 5 

Comparison of voltage regulation Performance.

Traction Voltage Index

Case Voltage Deviation Max (kV) Min (kV)

Case 1 0.118 25.380 23.900

Case 2 0.085 25.176 24.445

Case 3 0.093 25.179 24.285

Case 4 0.082 (30.5% ↓) 25.176 (0.2 kV ↓) 24.435 (0.54 kV ↑)

the upper-level agent dynamically determines the voltage reference lim­

its and the lower-level agent conducts energy scheduling based on these 

limits. 

Table 5 provides a quantitative comparison of voltage regulation 

performance. The proposed strategy (Case 4) clearly outperforms the 

baseline (Case 1), achieving the most stable voltage profile with a stan­

dard deviation (SD) reduced by 30.5% to 0.082. Moreover, Case 4 

achieves comparable performance to Case 2, which adopts the narrowest 

fixed reference voltage range, in terms of both peak-voltage reduction 

and minimum-voltage elevation. This further demonstrates the effec­

tiveness of the proposed framework in mitigating voltage fluctuations. 

Table 6 compares the energy scheduling performance across different 

cases. The proposed strategy (Case 4) proves to be the most econom­

ically effective, reducing OPEX by 34.7% and peak demand by 11.6% 

compared to the baseline (Case 1). This optimal economic performance 

is achieved with only a negligible average voltage reference viola­

tion of 0.18%, demonstrating the best overall trade-off between energy 

scheduling and voltage regulation.

Compared with the fixed-reference strategy in Case 2, the pro­

posed framework reduces the daily operating cost from 3987.78 GBP 

to 3844.37 GBP, corresponding to an incremental cost reduction of ap­

proximately 3.6%, while further reducing the average voltage reference 

violation from 0.22% to 0.18%. Although this incremental cost saving 

is more moderate than the reduction relative to the no-microgrid case, 

it represents a recurring daily operating-cost saving and can become 

economically meaningful over long-term railway operation. Moreover, 

the additional complexity of the proposed HRL framework is mainly 

associated with the offline training stage, whereas the trained policy 

only requires neural-network forward propagation during online de­

ployment. In addition, the proposed framework can also reduce the 

dependence on manually retuning fixed voltage reference ranges under 

different operating conditions.

Fig. 11 further demonstrates the superiority of the proposed hier­

archical framework over single-layer frameworks with fixed voltage 

references. As shown, the proposed framework converges faster and 

achieves a higher, more stable reward than the two single-layer cases. 

This indicates that fixed reference settings may make the learning pro­

cess less stable or reduce the coordination flexibility of the RL agents. A 

narrow voltage range leads to frequent and extensive battery charging 

Table 6 

Comparison of energy scheduling Performance.

Cost (£) Peak Demand 

(kW)

Peak Regen. 

(kW)

Avg. Voltage 

Violation (%)

Case 1 5889.95 7717.79 −4431.21 –

Case 2 3987.78 6799.77 −2797.82 0.22

Case 3 4000.17 6914.85 −2746.69 0.00

Case 4 3844.37a 6820.52b −2762.25c 0.18

a
 34.7% reduction compared with Case 1 (↓).

b
 11.6% reduction compared with Case 1 (↓).

c
 37.6% increase compared with Case 1 (↑).

Fig. 11. Training process comparison between the hierarchical and single-layer 

energy management frameworks.
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and discharging, which complicates the agent’s interaction with the en­

vironment and increases the learning burden. Conversely, an excessively 

wide voltage range makes battery scheduling insensitive to voltage fluc­

tuations, resulting in a poor trade-off between energy scheduling and 

voltage regulation. Thus, the core advantage of the proposed hierarchi­

cal framework lies in its dynamic voltage reference, which achieves a 

better balance between these two objectives.

Overall, these framework-level ablation results confirm the distinct 

contribution of each major component in the proposed method. The 

comparison between Case 1 and the microgrid-integrated cases demon­

strates that the railway microgrid provides the necessary flexibility for 

both voltage regulation and economic energy scheduling. The compar­

ison of Cases 2 and 3 with Case 4 further shows that replacing fixed 

voltage references with adaptive upper-level voltage reference genera­

tion improves the coordination between battery operation and traction 

voltage regulation. Therefore, the superior performance of Case 4 is not 

solely attributed to the presence of the railway microgrid, but also to 

the hierarchical decision-making structure that dynamically adjusts the 

voltage reference limits according to system operating conditions.

4.4 . Comparison of the proposed framework with model-based and 

rule-based baselines

To further demonstrate the effectiveness of the proposed HRL frame­

work beyond comparisons with other RL algorithms, this subsection 

compares the proposed method with two conventional baselines: a 

rolling-horizon MPC method and a rule-based energy management strat­

egy. The MPC baseline represents a model-based optimization method, 

while the rule-based strategy serves as a practical heuristic control 

benchmark. To ensure consistency with the supervisory decision interval 

of the proposed HRL framework, the MPC benchmark is implemented in 

a rolling-horizon manner with a 15-min prediction window. The con­

trollable units are optimized considering the same battery constraints, 

grid-exchange limits, electricity tariffs, and voltage-related penalties. 

Since directly embedding the complete nonlinear traction power flow 

model into MPC would result in a computationally demanding nonlin­

ear optimization problem, a linear voltage-sensitivity approximation is 

used inside the MPC optimizer. Specifically, the nonlinear power flow 

model is first used to obtain the base-case hub voltage and the local 

voltage sensitivity with respect to the controllable power injection. The 

optimized action is then evaluated using the same nonlinear traction 

power flow model to ensure a fair comparison. To examine the influ­

ence of forecast uncertainty, three MPC cases are considered, namely 

MPC with perfect forecast, MPC with 5% forecast error, and MPC with 

10% forecast error. The implementation details and relevant parameter 

configurations for the rule-based baseline are drawn from [10].

The comparison results are summarized in Table 7. Among all tested 

methods, the MPC with perfect forecasts achieves the lowest operating 

cost—marginally below that of the proposed HRL method. However, 

this MPC variant relies on ideal future information and produces a 

higher voltage standard deviation than the proposed strategy. This 

can be attributed to the MPC benchmark’s use of a linear voltage-

sensitivity approximation to maintain online tractability, which limits 

its ability to accurately capture the fully nonlinear traction-voltage 

response. In contrast, reinforcement learning benefits from its offline-

training and online-deployment paradigm. It is trained offline within 

the complete nonlinear simulation environment while still delivering 

desirable voltage management performance during testing and execu­

tion. Furthermore, when forecast errors are introduced, MPC’s operating 

cost increases and surpasses that of the HRL method, indicating that 

MPC’s effectiveness is more heavily dependent on forecast accuracy. 

Compared with the rule-based strategy, the proposed strategy further 

reduces operating costs and enhances voltage stability, confirming that 

simple threshold-based rules are insufficient for coordinating economic 

operation with traction-voltage regulation. Overall, the proposed HRL 

framework achieves a favorable balance between operating cost and 

Table 7 

Comparison of the proposed framework with Model-Based and Rule-Based 

Baselines.

Method Cost (£) Voltage 

SD

Min Voltage 

(kV)

Peak Demand 

(kW)

Proposed HRL 3844.37 0.082 24.435 6820.52

MPC-perfect 3780.69 0.097 24.454 6767.37

MPC-5% 3875.27 0.098 24.454 6767.37

MPC-10% 3967.84 0.097 24.321 6855.19

Rule-based 4092.60 0.109 24.454 6767.37

Note: MPC-perfect assumes perfect forecast information; MPC-5% and MPC-10% 

consider forecast errors in the prediction horizon.

Fig. 12. Comparison of voltage regulation performance.

voltage stability relative to both conventional model-based optimization 

and rule-based baselines. 

It should be noted that all comparative methods were evaluated us­

ing the same pre-generated stochastic disturbance realization to ensure 

a fair paired comparison. For MPC-perfect, MPC-5%, and the rule-based 

strategy, the peak grid net demand and the corresponding minimum hub 

voltage occurred at the same critical time step. At this time step, all three 

methods discharged the BESS at its rated maximum power and there­

fore produced the same net power condition and power flow operating 

point. Nevertheless, their charging and discharging trajectories differed 

over the remaining daily intervals, resulting in different accumulated 

operating costs and full-day voltage standard deviations.

4.5 . Voltage regulation performance analysis

Fig. 12 presents a comparative analysis of voltage regulation per­

formance for the four cases during a peak-hour period. Case 1, which 

operates without the railway microgrid, exhibits the most volatile volt­

age profile. While Case 3 reduces voltage fluctuations to some extent, its 

performance remains inferior to that of Case 2 and Case 4. Notably, Case 

4 demonstrates slightly superior voltage regulation even when compared 

to Case 2, which employs a narrower fixed reference voltage range. The 

dashed lines in Fig. 12 represent the dynamic reference bounds in Case 

4. As shown, the voltage limits are appropriately relaxed during periods 

of increased fluctuation (e.g., between 12:45 and 13:00). This adaptive 

mechanism enables Case 4 to respond more flexibly to disturbances, 

facilitating more effective policy adjustments and leading to improved 

overall performance.

Fig. 13 illustrates how the individual components of the railway mi­

crogrid contribute to traction voltage regulation. The blue shaded area 

represents the state of charge variation of the battery energy storage 

system. As shown, the battery actively participates in voltage support 

by adjusting its charging and discharging behavior. During certain peak 

load periods, the system also receives auxiliary support from the local 

power grid, as indicated by the green vertical bars. These results high­

light the critical role that flexible resources within the railway microgrid 

play in maintaining traction voltage stability.

Fig. 14 presents the voltage regulation results over the entire day. 

As shown in this figure, the higher and lower voltage references vary 
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Fig. 13. Role of railway microgrid in voltage regulation.

Fig. 14. Daily voltage regulation results.

according to the operating condition of the traction network. During pe­

riods with relatively moderate voltage deviations, the reference band 

becomes more restrictive, encouraging the lower-level agent to pro­

vide battery support for voltage regulation. However, when the voltage 

exhibits severe and rapid fluctuations, the reference band is appropri­

ately relaxed. This does not indicate weakened voltage control; rather, 

it reflects a feasibility-aware supervisory strategy. Under highly volatile 

traction-load conditions, an overly narrow voltage reference band may 

be difficult for the lower-level agent to follow because of battery 

power and energy limits. Such infeasible references could lead to fre­

quent cross-layer conflicts and negatively affect cooperative learning. 

Therefore, the learned upper-level policy adaptively balances voltage 

regulation requirements and practical controllability. 

4.6 . Energy scheduling performance analysis

Fig. 15 demonstrates the effectiveness of the proposed energy man­

agement framework in optimally coordinating multiple power sources to 

meet dynamic traction demand. As shown, the hierarchical scheduling 

strategy achieves a fine balance among battery utilization, grid power 

exchange, and system wide coordination of different power supplies, 

Fig. 15. Optimal scheduling of multiple power supply sources to meet the 

dynamic traction demands.

Fig. 16. Peak shaving and valley filling performance of the proposed energy 

management framework.

enabling reliable and efficient power delivery under highly dynamic 

traction load demand conditions.

Fig. 16 provides a direct visual comparison of the demand profiles 

at the feeder station side, with and without the proposed energy man­

agement framework, explicitly illustrating the peak shaving and valley 

filling performance. The comparison shows that the proposed framework 

achieves a more balanced and flattened demand profile for the feeder 

station, which not only facilitates more economical and reliable opera­

tion of the traction power supply network, but also mitigates negative 

impact of irregular traction load on the upstream power grid opera­

tion. These results offer strong validation of the proposed framework’s 

efficacy in energy scheduling.

4.7 . Sensitivity analysis

4.7.1 . Sensitivity analysis to load and renewable variability

It should be noted that the traction network considered in this work 

corresponds to a UK railway terminal branch feeding section. Therefore, 

to align with typical operational conditions of the practical terminal 

lines and facilitate calculation, the preceding simulations adopted a 

medium train laden factor of 40% as the nominal condition. To fur­

ther investigate the scalability of this study, this subsection extends the 

scope of the case studies to systematically evaluate the performance of 

the proposed framework under varying PV generation profiles and train 

load levels. Table 8 summarizes the simulation results for both summer 

and winter operating conditions, with train laden levels set to 20%, 40%, 

60%, and 80%, respectively. A comparison of the PV generation profiles 

at the considered railway station for the summer and winter seasons is 

illustrated in Fig. 17.

As summarized in Table 8, Case 4 consistently achieves peak load re­

duction and improved traction voltage regulation conditions compared 

to Case 1 across all train laden levels. Specifically, the proposed frame­

work reduces peak power demand by up to 11.6% and increases the 

minimum traction voltage at the terminal station node by up to 0.54 kV. 

These results demonstrate that integrating microgrids at the traction 

network terminal provides effective support to the railway power sup­

ply system, enhancing its ability to meet the growing power demand 

associated with railway electrification. 

Furthermore, the proposed framework exhibits significant economic 

benefits and voltage fluctuation mitigation capabilities under various 

laden conditions, reaffirming its practical value. Regarding adaptabil­

ity to different PV generation scenarios, the results in Table 8 confirm 

that the proposed framework achieves the expected performance in both 

summer and winter. Although renewable generation is lower in the 

winter scenario, the corresponding improvements are only marginally 

reduced.

4.7.2 . Sensitivity analysis to objective function weight settings

To examine the influence of the weighting coefficient 𝑤, a sensi­

tivity analysis is conducted, as shown in Table 9. A smaller 𝑤 gives 

higher priority to cost minimization, whereas a larger 𝑤 emphasizes 
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Table 8 

Sensitivity to train laden level and Seasonal PV Profiles.

Summer Season

Laden (%) 20 40 60 80

Case 1 4 1 4 1 4 1 4

Peak demand (kW) 6496.90 5769.42 7717.79 6820.52 8825.44 7992.98 9939.33 9063.59

Min traction voltage (kV) 24.12 24.50 23.90 24.44 23.67 24.07 23.43 23.94

OPEX (£) 3913.32 2574.24 (34.2% ↓) 5889.95 3844.37 (34.7% ↓) 7489.34 4851.14 (35.2% ↓) 10,069.80 7442.92 (26.1% ↓)

Voltage variance 0.076 0.052 0.118 0.082 0.155 0.100 0.202 0.146

Winter Season

Laden (%) 20 40 60 80

Case 1 4 1 4 1 4 1 4

Peak demand (kW) 6496.90 5902.42 7717.79 6973.52 8825.44 8090.16 9939.33 9259.39

Min traction voltage (kV) 24.12 24.50 23.90 24.40 23.67 24.02 23.43 23.90

OPEX (£) 3913.32 2694.16 (31.2% ↓) 5889.95 3994.37 (32.2% ↓) 7489.34 4943.53 (33.9% ↓) 10,069.80 7549.13 (25.0% ↓)

Voltage deviation 0.076 0.059 0.118 0.083 0.155 0.109 0.202 0.150

Fig. 17. PV generation potential at the considered railway station. (a) is for 

summer months and (b) is for winter months.

Table 9 

Sensitivity Analysis of the weighting coefficient 𝑤.

𝑤 Cost (£) Voltage Deviation Peak Demand (kW) Min. Voltage (kV)

1 3807.14 0.0840 6844.46 24.420

10 3844.37 0.0820 6820.52 24.435

100 4304.26 0.0790 6777.24 24.446

1000 6463.76 0.1325 7056.49 24.380

voltage deviation reduction. When 𝑤 = 1, the lowest operating cost 

is achieved, but the voltage deviation and peak demand are relatively 

higher. Increasing 𝑤 to 10 slightly increases the cost from £3807.14 to 

£3844.37, while reducing the voltage deviation from 0.0840 to 0.0820 

and lowering the peak demand from 6844.46 kW to 6820.52 kW. Further 

increasing 𝑤 to 100 only brings a small reduction in voltage deviation 

but causes a significant cost increase. When 𝑤 = 1000, both cost and 

voltage deviation deteriorate, indicating that an excessively large volt­

age weight may lead to an unbalanced scheduling strategy. Therefore, 

𝑤 = 10 is selected in this study as a reasonable trade-off between 

economic operation and voltage fluctuation suppression.

4.7.3 . Sensitivity analysis of the smoothing parameter 𝛽
To further evaluate the influence of the smoothing parameter 𝛽 of 

SM-DSAC-T, a sensitivity analysis is conducted, and the results are re­

ported in Table 10. Several candidate values of 𝛽 are tested under the 

same training configuration. As shown in Table 10, the proposed SM-

DSAC-T maintains relatively stable performance within the tested range 

of 𝛽. When 𝛽 = 0.2, the Soft-Min operator provides relatively strong 

smoothing, resulting in the lowest average reward, the largest interquar­

tile range, and the poorest CVaR value. This indicates that excessive 

smoothing may weaken the distinction between the two critic estimates 

and lead to conservative value estimation. As 𝛽 increases from 0.2 to 0.6, 

Table 10 

Sensitivity Analysis of the smoothing parameter 𝛽.

𝛽 𝐼𝑈𝐴𝑅 𝐼𝑀𝐸𝑅 𝐼𝑄𝑅 𝐼𝐶𝑉 𝑎𝑅(0.2)

0.2 −4268.94 −3975.75 321.95 −4958.84

0.4 −4204.96 −3952.97 118.45 −4788.51

0.6 −4186.94 −3974.03 186.13 −4815.98

0.8 −4240.45 −4001.44 121.25 −4844.12

1.0 −4220.28 −4006.43 216.12 −4850.05

the average reward improves, suggesting that an appropriate reduction 

in smoothing strength can improve learning performance. Among the 

tested values, 𝛽 = 0.6 achieves the best 𝐼𝑈𝐴𝑅, while 𝛽 = 0.4 achieves the 

best 𝐼𝑀𝐸𝑅, the lowest 𝐼𝑄𝑅, and the best 𝐼𝐶𝑉 𝑎𝑅(0.2). Since the difference 

in 𝐼𝑈𝐴𝑅 between 𝛽 = 0.4 and 𝛽 = 0.6 is relatively small, while 𝛽 = 0.4
provides better learning stability and risk robustness, 𝛽 = 0.4 is selected 

as the final setting for the proposed Soft-Min operator in this study.

4.7.4 . Sensitivity analysis under different BESS capacities and feeder 

impedance levels

To further examine the influence of key system-dependent parame­

ters on the proposed framework, a sensitivity analysis is conducted with 

respect to two representative system-dependent parameters, namely the 

BESS capacity and the feeder impedance. The proposed HRL-based strat­

egy, denoted as Case 4, is compared with Case 2, which adopts a 

fixed narrow voltage-reference band. In the BESS sensitivity test, the 

BESS capacity is increased to 4 MW/4 MWh and 6 MW/6 MWh. In 

the impedance sensitivity test, the feeder impedance is scaled to 0.5𝑍
and 2𝑍 with respect to the original network setting. The corresponding 

results are summarized in Table 11.

As shown in Table 11, the relative advantage of the proposed HRL 

framework depends on both the available BESS flexibility and the elec­

trical strength of the traction network. Increasing the BESS capacity 

reduces the operating cost for both cases, but the advantage of HRL 

does not increase monotonically with storage size. For example, when 

the BESS capacity is 4 MW/4 MWh, Case 2 achieves a lower cost, while 

Case 4 provides a slightly lower voltage standard deviation. When the 

BESS capacity is increased to 6 MW/6 MWh, Case 2 achieves a slightly 

lower cost and also gives a lower voltage standard deviation. Regarding 

the sensitivity to feeder impedance, when the feeder impedance is re­

duced to 0.5𝑍, the network becomes electrically stronger and the fixed 

narrow voltage-reference strategy provides better performance. In con­

trast, when the feeder impedance is increased to 2𝑍, Case 4 reduces both 

the operating cost and the voltage standard deviation compared with 

Case 2, indicating that the adaptive reference-band mechanism is more 

beneficial when the voltage is more sensitive to local power injection. 

These results suggest that the proposed HRL framework is more suitable 
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Table 11 

Sensitivity Analysis under different BESS Capacities and feeder 

impedance Levels.

Scenario Cost (£) Voltage SD

Case 4 Case 2 Case 4 Case 2

BESS (4 MW/4 MWh) 2471.51 2385.51 0.072 0.074

BESS (6 MW/6 MWh) 1859.82 1805.67 0.077 0.072

Feeder impedance (0.5𝑍) 3894.43 3825.06 0.052 0.050

Feeder impedance (2𝑍) 3958.55 3994.43 0.184 0.199

for systems with noticeable voltage sensitivity and limited BESS capac­

ity, while its relative advantage may become less significant when the 

network is electrically strong or when the BESS capacity is sufficiently 

large.

4.8 . Scalability and applicability analysis

The proposed framework is formulated in a generic energy-

management form and is not inherently restricted to a specific AC or DC 

microgrid topology. This is because the learning-based control structure 

is established based on the interaction between the energy management 

agents and the railway power supply environment through measurable 

states, control actions, and operational constraints. For different AC or 

DC microgrid configurations, the microgrid-side model, power balance 

relationship, and operational constraints can be adjusted according to 

the electrical characteristics of the integrated microgrid. Similarly, as 

long as the interaction environment is reconstructed according to the 

electrical characteristics of the target railway system, including the for­

mulation of the corresponding traction power flow equations and the 

redefinition of the objectives and constraints, the proposed hierarchical 

control structure can be extended to different types of railway electrifi­

cation systems. In this study, the proposed method is implemented and 

validated on a 25-kV AC railway power supply section. Hence, when ex­

tending it to a DC railway system, the AC traction power flow model 

should be replaced with an appropriate DC traction network model, 

and the agents should be retrained under the corresponding operational 

constraints.

5 . Conclusion and discussion

This paper proposes a hierarchical reinforcement learning-based 

energy management framework to address the challenges of voltage 

instability and energy inefficiency in electrified railway systems. By 

integrating a railway microgrid at a weak node of the traction net­

work and coordinating battery storage, renewable generation, and local 

grid resources, the proposed solution enables cost-effective operation 

to meet volatile traction power demand. Within the hierarchical ar­

chitecture, the upper-level agent dynamically adjusts voltage reference 

boundaries to balance voltage stability with economic objectives, while 

the lower-level agent schedules energy flows based on cost-saving goals 

and upper-level directives. Case studies conducted on a representative 

UK feeding zone demonstrate the framework’s ability to significantly 

smooth voltage profiles, reduce power fluctuations, and improve en­

ergy efficiency. Notably, the coordinated scheduling of flexible resources 

reduces electricity procurement costs by up to 35.2% and decreases 

the traction voltage standard deviation at the weak node of the trac­

tion network by 30.5%. Comparisons with fixed-reference, rule-based, 

and rolling-horizon MPC baselines further demonstrate its capability 

to achieve a favorable trade-off between cost reduction and voltage 

regulation.

The main advantage of the proposed methodology is its ability to 

learn a feasibility-aware voltage supervision strategy from the nonlinear 

traction power flow environment, thereby reducing the reliance on man­

ually tuned fixed voltage references. In addition, once trained offline, 

the agents can generate online control actions through neural-network 

forward propagation, which is beneficial for real-time implementation. 

Nevertheless, the present study is still subject to several limitations. The 

case study is based on one representative UK feeding zone, and the 

adopted uncertainty model mainly represents typical short-term opera­

tional variability under normal conditions. Future work will extend the 

framework to larger railway networks with multiple weak nodes and 

railway microgrids, incorporate more comprehensive data-driven uncer­

tainty models, and further validate the proposed strategy using real-time 

simulation or hardware-in-the-loop platforms.
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