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Abstract

To enhance access to efficient and low-carbon public transportation, the city of Alexandria,
Egypt, has introduced a fleet of electric buses. Additionally, an ongoing project aims to
upgrade and electrify the existing urban railway system, which is expected to alleviate
traffic congestion in this densely populated city. The implementation of electric vehicle
(EV) parking facilities is also under consideration. This paper investigates the integration
of photovoltaic (PV) systems and green hydrogen-powered gas turbines as components
of the integrated energy system (IES). An optimal energy management strategy is pro-
posed to maximize the benefits of incorporating renewable energy sources into the urban
transportation system (UTS). The proposed energy management algorithm incorporates
demand-side management (DSM) for UTS loads and EVs, increasing the complexity of the
decision-making process due to the high uncertainty of decision variables. To address this
challenge, a modified multi-agent reinforcement learning (MRL) approach is employed, in
which uncertainty is incorporated through stochastic environment sampling. Simulation
results demonstrate the economic potential of integrating renewable and sustainable energy
resources into the IES of the electrified urban transportation system, achieving a 40.2%
reduction in the average daily energy consumption cost.

Keywords: sustainable mobility; urban transport planning; electrified urban transportation
system (UTS); renewable energy resources (RES); Integrated energy management; modified
reinforcement learning (MRL)

1. Introduction

As the transportation sector is a major energy consumer and a significant contributor
to greenhouse gas emissions, many countries are transitioning toward its electrification.
Policies have been adopted to electrify urban transportation systems through the inte-
gration of electric vehicles (including cars and buses) and the modernization of urban
railway networks.

1.1. Motivation

The urban railway system (URS) serves as a fundamental element of urban trans-
portation, playing a key role in alleviating traffic congestion in metropolitan areas. It offers
multiple benefits, such as high operational speed, substantial passenger capacity, and reli-
able scheduling [1]. To minimize energy consumption and curb greenhouse gas emissions
associated with the URS, significant efforts have been made to enhance energy efficiency
and incorporate renewable energy sources [2—4].
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Additionally, railway stations contribute to nearly 50% of the total energy demand
in electrified railway networks. As a result, efficient energy management (EM) at these
stations is essential for improving the overall energy performance of the URS [1]. To promote
sustainability and optimize power supply efficiency, clean electrification solutions have
been implemented. These include the integration of photovoltaic (PV) systems in elevated
railway stations [4] and the utilization of green hydrogen-powered gas turbines [5].

1.2. Literature Review

The energy consumption of electrified urban railway systems (URS) has been ex-
tensively analyzed from multiple perspectives. A primary research focus has been on
characterizing energy usage patterns in railway stations. Authors in [6,7] developed a
generalized framework that outlines the key characteristics of energy consumption in
metro stations, covering both traction and non-traction loads. Similarly, in [8], Guan et al.
conducted an in-depth study on the hourly energy profile of a metro station. Their research
utilized a multi-objective mixed-integer linear programming (MILP) approach to enhance
renewable energy utilization through on-site photovoltaic (PV) generation and energy stor-
age systems (ESSs). However, this study primarily aimed at increasing renewable energy
penetration and minimizing the payback period, without accounting for uncertainties in
PV generation.

Another crucial research direction involves forecasting railway station energy con-
sumption to optimize energy management strategies and infrastructure design. Authors
in [9] designed forecasting models using machine learning (ML) algorithms to predict the
energy consumption and carbon footprint of urban rail transit systems, but their study
did not incorporate energy management strategies. Furthermore, their model did not con-
sider additional station-related energy demands, such as those from electric vehicle (EV)
parking or energy storage systems. Ref. [10] presented analysis of energy consumption
in the Italian railway system, utilizing a bottom-up deterministic modeling approach to
estimate energy demand for railway traction. However, their model did not account for
the uncertainties in some station loads. In contrast, authors in [11] introduced binary
nonlinear fitting regression (BNFR) and support vector regression (SVR) models to predict
the electricity consumption of individual load types in subway stations. Nevertheless, this
study exclusively focused on station loads without addressing available energy resources.

Given that railway stations consume nearly 50% of the total energy in electrified
railway systems, their energy management (EM) has drawn significant research attention.
Studies have explored the optimization of heating, ventilation, and air conditioning (HVAC)
systems [12] and the implementation of energy-efficient lighting solutions [13]. Authors
in [14] employed a probabilistic clustering-based framework for the optimal operation of a
railway station. Their model incorporated regenerative braking energy (RBE), ESSs, and
PV generation while addressing uncertainties related to PV generation. However, other
uncertainties, such as variations in station loads and electricity prices, were not considered.
Additionally, authors in [2,15,16] proposed an optimized EM strategy for smart traction
systems to improve energy efficiency. Their approach focused on demand-side management
(DSM) of railway station loads. Furthermore, refs. [2,16] integrated PV systems into station
power networks while managing the energy consumption of EV parking garages. Their
method accounted for RBE, ESSs, and rooftop PV units; however, the consideration of
uncertainties in EM models remained limited.

In this paper, Reinforcement learning (RL) is employed to solve the proposed EM-
DSM problem because it can learn optimal policies for sequential decision-making under
uncertainty. Unlike traditional optimization or metaheuristic methods that require repeated
re-optimization, RL enables real-time control in dynamic and stochastic environments. This
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makes RL particularly suitable for energy management problems involving renewable
integration, EVs, and time-varying loads [17,18].

In contrast, RL learns a control policy that maps system states to optimal actions,
allowing real-time decision-making under uncertainty and without repeated offline op-
timization. This approach is particularly effective when the system is subject to mixed
uncertainties in renewable generation, load demand, and energy prices.

Electric buses have also emerged as a vital component of electrified urban transporta-
tion, significantly reducing greenhouse gas emissions. However, their increased adoption
places additional pressure on the electricity grid. Authors in [19] developed an MILP-based
algorithm to optimize e-bus charging schedules, incorporating PV generation and ESSs. In
a related study, Liu et al. introduced a surrogate-based optimization method to determine
the most efficient PV and ESS configurations to minimize e-bus battery charging costs [20].

Electric buses have also emerged as a vital component of electrified urban trans-
portation, significantly reducing greenhouse gas emissions; however, their large and time-
constrained charging demand can impose substantial stress on the electricity grid. Several
studies have addressed this challenge using forecasting-based optimization approaches.
For example, authors in [19] developed an MILP-based algorithm to optimize e-bus charg-
ing schedules by explicitly incorporating PV generation and energy storage systems, while
Liu et al. [20] employed a surrogate-based optimization framework to determine optimal
PV and ESS sizing for minimizing charging costs. Similarly, Jarvis et al. [21] integrate
renewable energy forecasting with optimization-based charging schedules to align e-bus
charging with predicted clean-energy availability while maintaining service quality. In
contrast to these forecasting-driven, fleet-level scheduling methods, this paper embeds
e-bus charging within a broader integrated urban transportation energy system managed
using reinforcement learning. Rather than relying on explicit renewable forecasts or pre-
defined clean-energy windows, the proposed RL-based framework learns charging and
energy exchange policies through interaction with stochastic system dynamics, coordinat-
ing e-bus stations jointly with metro station loads, EV parking facilities, PV generation,
hydrogen production, and grid transactions under a unified decision-making strategy. This
distinction in scope and control philosophy differentiates the proposed approach from
existing e-bus scheduling studies and highlights its contribution to system-level energy
coordination under uncertainty.

Regarding the EVs’ charging/discharging behavior, recent studies have highlighted
the importance of modeling user-centric uncertainty. For example, Wu et al. [22] provide a
detailed characterization of EV owner decision-making by explicitly considering multiple
uncertain attributes such as arrival time, departure time, energy demand, and charging
willingness. Their work demonstrates that ignoring behavioral uncertainty can significantly
overestimate the flexibility potential of charging stations and lead to overly optimistic
scheduling results.

Similarly, authors in [23,24] emphasize that EV participation in grid-support services
is strongly influenced by user preferences, perceived risk, and situational constraints. These
works clearly show that deterministic or fully compliant charging assumptions limit the
realism and transferability of optimization-based scheduling approaches.

Building on these insights, it can be shown that many existing transportation electrifi-
cation studies rely on forecasting-based or scenario-specific optimization frameworks
that require explicit assumptions regarding user behavior, compliance, and charging
willingness. While these approaches provide valuable analytical insights, their perfor-
mance depends heavily on the accuracy of assumed behavioral models and predefined
uncertainty distributions.
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In contrast, in this paper, the proposed reinforcement learning-based framework does
not impose fixed charging commitments or explicit behavioral utility functions. Instead,
user voluntariness and scenario variability are implicitly embedded in the environment
through stochastic availability, SOC constraints, and state-dependent feasible action sets.
The RL agent learns adaptive policies through repeated interaction with this uncertain
environment, enabling it to respond to heterogeneous and time-varying participation
patterns without requiring explicit ex-ante behavioral modeling.

To enhance the energy self-sufficiency of railway stations and support sustainable
electrification, researchers have explored the integration of PV systems in elevated railway
infrastructure. Authors in [4] examined the feasibility of installing PV units along the
trackside of elevated metro lines to improve energy efficiency and power quality. Authors
in [3] investigated the techno-economic potential of deploying PV systems on station
rooftops and platform canopies. Additionally, authors in [1,25] formulated mixed-integer
programming algorithms to optimize PV-battery systems for energy savings and economic
benefits. However, these studies primarily focused on off-grid PV systems, leading to
energy surplus wastage due to the absence of effective utilization mechanisms.

Despite the growing integration of renewable energy into urban railway systems, large-
scale power generation for these networks remains heavily dependent on gas turbines
(GTs), which primarily use diesel or natural gas, thereby contributing to greenhouse
gas emissions. Hydrogen-fueled GTs have been identified as a more environmentally
sustainable alternative [26]. To enhance sustainability, researchers have investigated the
integration of renewable energy sources with hydrogen production [5,27]. In this study,
surplus PV-generated energy is repurposed for hydrogen production, further advancing
the sustainability of railway power systems.

To clarify the contributions and motivations of this research, a comparative analysis
with previous studies is provided in Table 1. While existing studies typically focus on
forecasting-based optimization of isolated components (e.g., EV or e-bus charging), the
present work contributes a learning-based coordination framework that jointly manages
metro station loads, EV parking, E-bus stations, PV generation, hydrogen production, and
grid interaction under uncertainty. Additionally, although uncertainties in PV generation
and energy prices have been considered in earlier research, the uncertainty associated with
station load variations has largely been overlooked. Moreover, this study incorporates
the impact of e-bus availability patterns, which have not been widely examined in the
previous literature. The novelty lies not in introducing individual technologies, but in their
integrated control through a unified RL-based energy management strategy.

Table 1. Comparison of this paper with previous research papers.

Rt symem  BVe BB g B e Tods - odon
[1] v ° ° ° ° ° ° ° Vv
B v v . N v . v
[3] v ° ° ° ° ° ° ° Vv
[4] v ° ° . v ° . . Vv
[8] v ° ° . v ° . . Vv
[14] \/ ° ° ° \/ \/ ° ° °
[15] . . ° ° vV ° ° ° °
(16 v v . . vV . . v
[25] v ° . ° vV ° ° ° Vv
This paper v v v v v v v v v

\/ topic addressed; e topic not addressed.
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1.3. Contributions

This paper investigates the integrated energy system (IES) of an urban transportation
system (UTS) in Alexandria, consisting of an electrified metro network with 20 elevated
stations and an electric bus (E-bus) station accommodating up to 100 buses. The metro and
bus stations are equipped with rooftop photovoltaic (PV) installations. In addition, the UTS
includes a green hydrogen production facility supplying ten hydrogen-fueled gas turbines
(HGTs). Energy exchange occurs with the utility grid as well as with an electric vehicle (EV)
parking facility, enabling internal energy exchange across multiple subsystems.

The primary objective of this study is to optimally manage UTS energy resources
through coordinated demand-side management of station loads and scheduling of EV
and E-bus charging and discharging. This problem is challenging due to the stochastic
nature of renewable generation, load demand, regenerative braking, and electricity prices.
To address these challenges, a reinforcement learning (RL)-based energy management
framework is proposed, enabling adaptive decision-making under uncertainty.

The main contributions of this work are summarized as follows:

e A comprehensive urban transportation energy system model is developed that in-
tegrates metro station loads, E-bus station, EV parking, PV generation, hydrogen
production, and grid interaction within a unified operational framework.

e A renewable-aware energy utilization strategy is proposed, enabling surplus PV
power to be effectively allocated to internal loads, EV and E-bus charging, or hydrogen
production that fuels a set of gas turbines, thereby reducing energy wastage and
grid dependence.

e  The energy management problem is formulated as a factored Markov decision process
(FMDP), capturing the interactions among heterogeneous subsystems while maintain-
ing computational tractability.

e A multi-agent reinforcement learning-based coordination strategy is developed to
jointly manage demand-side flexibility and distributed energy resources under stochas-
tic operating conditions.

2. Methodology

This paper proposes an optimal energy management approach for Alexandria’s metro
system to reduce reliance on the electricity grid while enhancing passenger satisfaction
across various stations along the metro line. As depicted in Figure 1, the metro’s integrated
energy system (IES) consists of photovoltaic (PV) generation units, a green hydrogen
production facility, hydrogen-fueled gas turbines (HGTs), electric vehicle (EV) parking areas
for both cars and buses, and regenerative braking (RB) as a supplementary energy source.

2.1. System Model
2.1.1. PV System

Photovoltaic (PV) units are planned for deployment on the line’s way-sides and on
the rooftops of station buildings and platform canopies within Alexandria’s metro system,
as demonstrated in [2] for one of the interchange stations along the line. Furthermore, the
canopies of the electric bus station are also considered for PV installation. The deterministic
model for PV power generation is presented in Equation (1) [27].

SR

PP = PVt R g ae(1E - T8 )] )
STC

TE = TP +0.0256 SR; )
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where 77V is the efficiency of the PV array, P}V, is the maximum PV power, SR; is the solar

radiation at time ¢, SRgrc is the solar radiation under standard testing conditions (STC). ¢,
is the temperature coefficient of the maximum output power, T is the temperature of the
PV cell at time ¢, Té’}/c is the temperature of the PV cell under STC, and Tt’"”b is the ambient
temperature at time ¢.

\( Railway Station )

Traction System Station Loads

_ ."T@

AN -1

Railway Power
System

el =2

e

Figure 1. Structure of the energy management system of the UTS.

2.1.2. Electrolyzer

Since the surplus power generated by PV units is allocated for green hydrogen pro-
duction, the electrical energy stored in the produced hydrogen can be determined using

Equation (3).
s ©)
PiﬁiLnSPt - SPr}rsluLx

where P/’2 is the electrolyzer’s output power at time ¢, PtEL_P V' is the PV power input to

the electrolyzer (EL) at time ¢, and 7y, is the conversion efficiency of the EL. This efficiency
represents the portion of the electrical energy contained in the produced hydrogen gas to
the electrical energy supplied to the EL.

2.1.3. Electric Vehicles Model

This study examines two categories of electric vehicles (EVs): private cars and public
buses, each exhibiting distinct charging and discharging behaviors. The charging and
discharging patterns of electric cars are influenced by their arrival and departure times,
which are modeled stochastically using probability distribution functions with varying
means and standard deviations. Moreover, private car owners can decide whether to share
their battery charge with the network, a choice determined by a willingness factor (Wf)
assigned to each vehicle. In addition, the minimum SOC of each vehicle is assumed to
depend on its next journey information given by the vehicle’s owner. For that reason, a
factor E—:V is given to each vehicle to determine its allowable minimum SOC as given in (5).
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Conversely, electric buses operate on fixed arrival and departure schedules. These
factors introduce significant uncertainty in the power exchange between the metro’s power
system and EVs. Another source of uncertainty is the initial state of charge (SOC) of
each vehicle.

The update of stored energy in EV batteries is described in Equations (4)—(8), while
SOC constraints and EV-specific limitations on charging /discharging rates and intervals
are detailed in Equation (9).

1 if the EV is charging

Bpy = ¢ —1  if the EV is discharging 4)

0 if the EV is idle
SOCyi " = SOCuiy Jiv (5)

By +1 B
Epe = SOCE - Epy + v [BEV< ffl‘% PAS W gy ZEVH At (6)

where

Jev = land Wf .y, € [0,1] (7)

néh, if the EV is charging
Tev = 17}’5 if the EV is discharging 8)

EV
SOCL7 ™ < SOCEY < SOCjny
Pfis < DREV

Taro < ti;,urt < Tdep -1 9)

1< 17 < Ty
stop +1< tstOP < TdEP -1
tstart +1< tStOP < Tdep

2.1.4. Hydrogen Fueled Gas Turbines

The energy conversion relationship and operational constraints of the HGT are given
in (10).

PHGT = NHCT PHZ

pH2-HGT < plf2 < pH2-HGT (10)

HGT fiet HGT
e <P,

2.2. Problem Formulation

This study proposes a reinforcement learning (RL) optimization approach for effi-
ciently managing energy resources in the urban transportation system (UTS), aiming to
minimize total energy consumption while ensuring minimal user dissatisfaction. The
energy management (EM) strategy considers the optimal demand-side management
(DSM) of flexible loads. Additionally, the RL algorithm is enhanced to incorporate various
system uncertainties.

The problem is structured as a finite Markov decision process (FMDP) to align with
the RL framework for decision-making. The objective is to minimize a total cost function,
as defined in Equation (11), subject to multiple constraints.

minY_, , [Cost] 11)
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2.2.1. Cost Functions

The objective is to minimize the total cost function, which comprises both electricity
consumption costs and user dissatisfaction costs, as outlined in Equation (12).

Cost; — [Pffhuy.CtEfbuy - PtE—sell_Cffsell]_At + ZnN=1 CP,n (12)

The dissatisfaction cost (CP ’”) reflects the deviation of controllable station load levels
from their predetermined set points while accounting for a tolerance factor ¢, as specified

in Equation (13).
n
0 if (Pf“t'” - sn) <P < (P¥4 en>
Dn t
Ct D Set,n Set,n (13)
CPdfpty | (Pr— (PF" —en) ) (P = (P +e4) ) else
2.2.2. Operational Constraints
The amount of power bought and sold is supplied by different resources and is
determined as given in (14).
{ ptE*buy _ ptG*huy + pEV—dis ”
E—sell G—sell EV—ch
Pt se — Pt se _"_ Pt C
The interaction between multiple energy resources, the railway power system, and the
utility grid (UG) is regulated by a power balance condition, as specified in Equation (15).

where Bg — 1if .buyir.lg from the grid
0 if selling to the grid

Electric vehicles (EVs) within the parking garage and E-bus station are accounted
for in Equation (15) as energy sources when discharging surplus power (PtE V=dis) and as
loads when drawing additional charging power from the system (PtEV*Ch). However, power
is first exchanged internally between vehicles (V2V) before interacting with the railway
power system.

Beyond the power balance equality constraint, a set of inequality constraints defines
the operational boundaries of flexible loads, limits on power exchange with the utility
grid, restrictions on power transfer with the railway power system, and power supply
constraints. These constraints ensure that the transportation system’s energy requirements
are met, as specified in Equation (16).

Piiax + Prax + Phigy’ + Prigy ©° + P > P
PE < Piing
PITS < PIf: a6)
plisht  plight < plight
P‘,I:i‘y{AC < PtHVAC < PrIn{LXCAC

As outlined in Equation (16), the controllable loads in railway stations managed by the
demand-side management (DSM) algorithm include lighting and HVAC systems. However,
vertical transportation loads, such as escalators and elevators, remain fixed and cannot be
reduced or rescheduled. Furthermore, the total electrical load of the transportation system
(Pf*l"”d) encompasses the railway stations’ loads, the power supplied to the electrolyzers

at the hydrogen production facility, and the energy required for EV charging.
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2.2.3. FMDP Formulation

The energy management and demand-side management (EM-DSM) problem is mod-
eled as a multi-agent finite Markov decision process (FMDP). This formulation involves
three fundamental components: states, actions, and rewards.

The selected RL approach is motivated by the sequential, stochastic, and decentralized
nature of the urban transportation energy management problem, where system states
evolve in response to both exogenous uncertainties and endogenous control actions. The
problem is formulated as a factored Markov decision process (FMDP), which enables
decomposition of the global decision space into interacting subproblems associated with
metro stations, EVs, E-buses, and hydrogen assets. This factorization significantly reduces
the effective state—action space and allows the use of multi-agent Q-learning without
requiring global function approximation.

° States

At time t, the state vector st consists of several sub-vectors that represent the power
generated by photovoltaics (PV), vertical transportation loads, regenerative braking power,
and the prices for buying and selling energy, as defined in (17).

The state vector in (17) is designed to capture all exogenous variables that directly
influence energy management decisions but are not controllable by the agent. The selection
of these state variables follows the Markov property, ensuring that the current state contains
sufficient information to determine future system evolution without requiring historical
data. Each state component has a direct impact on the system cost and constraints.

5t = [stV,sP}/—l”“d,stB,sptB, spts (17)

Due to varying accuracies in forecasting PV generation, energy prices, regenerative
braking, and vertical transportation load consumption, the EM-DSM problem involves
mixed uncertainty conditions. These uncertainties stem from the unpredictable nature of
PV generation, load consumption, regenerative braking power, and energy buying/selling

Ptp v PtV —load PtRB , pf , pts), which impacts the problem states. To address these uncer-

prices (
tainties, at the beginning of each episode, realizations of PV generation, loads, regenerative
braking power, and energy prices are sampled from their respective probability distribu-
tions, generating a single trajectory of state transitions for the agent. By augmenting the
state representation with stochastic environment sampling, the proposed FMDP formula-
tion allows the agent to learn policies that are robust under mixed uncertainty conditions
rather than relying on deterministic forecasts.

Uncertainty is now handled exclusively through stochastic environment dynamics,
consistent with canonical RL formulations. Upon the realizations of the system’s states, the
reward function is defined based on the realized operating cost, and robustness is achieved
implicitly through repeated exposure to diverse uncertainty realizations across episodes.
This revision removes any ambiguity with stochastic programming and ensures internal
consistency between state transitions, rewards, and learning updates.

e Actions

At time t, the action vector a;, as defined in (18), consists of several sub-vectors that rep-
resent the controllable load levels (P/°*) of Sn metro stations and the charging /discharging
power of electric vehicles (PEV and PtEb”s ).

ay = aPtLoad, anEV*Ch, aPtEvfdiS (18)
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where

aPtL"“d = [anl, ..,apPs .., aPtS”]

i Light—i —i
aPy’ = |aP ", anIVAC !
anV — apfthV, aP?listV,apfthbus, apztiistbus}

Light—i
ap;'¢ = [PH, ..., pbm, ] Lm € Apignt
an—IVAC—l — [PtHll ., Pth, .. ] Hm € Agvac (19)
aPh=EV = [peEV1 - peEVm ] cEVm € Ag_gy
qPlis=EV — [pdEV1 pdEVm } dEVm € Ay pv
apSh—Ebus — | peEbusl - pcEbusm, } cEbusm € A Epus
apflistbus — P;iEbusll ., PtdEbusm, ) } dEbusm € Adis—Ebus

The action vector defined in (18)—(19) represents all decision variables that can be
directly controlled by the energy management system at each time step. These include:
adjustable load levels of metro station subsystems (lighting and HVAC), and charging and
discharging powers of electric vehicles and electric buses.

The action space is structured hierarchically to reflect the physical and operational
structure of the system: station-level decisions are decomposed into subsystem-level actions,
while EV-related actions are separated into charging and discharging modes. Each action
is constrained within predefined feasible sets (Apigns, Anvac, Acn, Auis), derived from
technical limits, comfort constraints, and battery operating boundaries.

This design ensures that all actions selected by the learning agent are physically
realizable, avoids infeasible exploration during training, and improves convergence stability
of the multi-agent reinforcement learning process.

e Reward

The reward function rt represents the benefit obtained at time ¢ for a given state-
action pair (action at—state st). It is defined as the negative of the cost function, with
the total reward over the simulation period R formulated in (20) and (21), respectively,
which aligns the reinforcement learning objective with the original optimization goal of
cost minimization.

Additional uncertainties arise from the forecasting of various loads, regenerative brak-
ing (RB), PV generation, and energy prices. These uncertainties are modeled through
the stochastic dynamics of the environment, consistent with the finite Markov deci-
sion process (FMDP) formulation. Each source of uncertainty is characterized by a
probability distribution.

At the beginning of each training episode, realizations of the uncertain variables are
sampled from their respective distributions, and the environment evolves according to
these sampled trajectories over the episode horizon. At each time step t, the agent observes
a single realized system state st, selects an action at, and transitions to the next state st+1
according to the stochastic environment dynamics. This preserves the Markov property
and avoids explicit enumeration of multiple scenarios at a given decision step.

The instantaneous reward rt is computed based on the realized operational cost
associated with the observed state—action pair. Over repeated interactions, the agent ex-
periences a diverse set of state transitions induced by stochastic realizations of renewable
generation, loads, regenerative braking, and energy prices. In this manner, the learned
policy converges toward minimizing the expected long-term cost across the underlying
uncertainty distributions.

It is emphasized that scenario probabilities are not used to optimize over parallel
futures, as in stochastic programming. Instead, they govern the frequency with which

https://doi.org/10.3390/su18052352


https://doi.org/10.3390/su18052352

Sustainability 2026, 18, 2352

11 of 25

different operating conditions are encountered across episodes, allowing the reinforcement
learning agent to implicitly learn robust decision policies through experience. The learning
process, therefore, remains fully consistent with standard Q-learning and FMDP theory.
The reward associated with each state-action pair is then computed using the modified
reward function defined in (20).

re = — Costi(wy) (20)

R=Y,  n 1)

where w; denotes the realized uncertainty sample at time ¢.

2.2.4. Multi-Agent RL Algorithm

In the reinforcement learning (RL) decision-making framework, the Q-learning al-
gorithm is utilized to optimize the expected cumulative rewards. The Bellman equation,
as presented in (22), calculates the Q-values for each state-action pair Q(st,a;), offering a
precise reward estimation and updating based on the learning parameter .

Q(st,at) = rt + y-max[Q(si11,a141)] (22)

Throughout the learning process, the Q-table is iteratively updated during each train-
ing cycle. This continuous update process ensures the selection of the optimal action with
the highest Q-value for each state, based on the corresponding reward [28].

In this study, the action vector consists of 44 sub-vectors, as defined in (19), repre-
senting the loads of 22 agents. These agents correspond to the controllable lighting and
HVAC loads of 20 metro stations, along with an electric vehicle (EV) parking garage and
an electric bus (E-bus) station.

2.3. Methodological Scope and Limitations

This study adopts a decentralized, tabular Q-learning framework to address the
energy management and demand-side management (EM-DSM) problem under mixed
uncertainty conditions. The methodological scope is intentionally focused on discretized
state and action representations, derived from physical operating limits, tariff structures,
and demand categories, which enable stable and interpretable learning within a simulation-
based environment.

The reinforcement learning formulation is designed to capture system-level coordina-
tion rather than algorithmic novelty. Each agent operates over a constrained local decision
space, and no centralized joint state-action table is constructed. As a result, tabular Q-
learning remains computationally tractable and suitable for the considered problem scale,
while avoiding the training instability and high data requirements commonly associated
with deep reinforcement learning methods.

Nevertheless, the proposed approach has several limitations. First, discretization
inevitably reduces resolution and may smooth fine-grained dynamics present in continuous
control systems. Second, tabular learning does not scale efficiently to fully continuous state—
action spaces, and therefore may not be appropriate for systems with significantly higher
dimensionality or unbounded operating ranges. Third, the learned policies are optimized
for the statistical characteristics of the simulated scenarios and may require retraining if
system configurations or uncertainty distributions change substantially.

Despite these limitations, the proposed framework offers a transparent, computa-
tionally efficient, and extensible foundation for coordinated EM-DSM. Future work will
investigate the integration of function approximation, deep reinforcement learning, and
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. Elevated stations

D Interchange stations

hybrid learning—optimization methods to address larger-scale systems and continuous
control settings.

3. Case Study
3.1. System Description

The urban transit system (UTS) analyzed in this study is an electrified metro network
in Alexandria, linking the densely populated northeastern town of Abou-Qir to downtown
Alexandria. Based on the technical design, 22 electric trains, each comprising at least nine
cars, are required to meet the targeted service level. The metro line extends over 21.7 km
and includes 20 modern elevated stations, four of which function as interchange stations,
connecting the metro to other railway lines and transportation systems [29].

Among these transportation systems is a proposed electric bus (E-bus) station at Abou-
Qir, designed to accommodate up to 100 buses. Additionally, an EV parking garage with a
capacity of 400 electric vehicles (EVs) is planned at the Sidi-Gaber station [2]. A schematic
representation of the UTS is provided in Figure 2.

EVs’ parking
garage

Figure 2. The UTS under study.

To promote the integration of sustainable energy sources, rooftop photovoltaic (PV)
units will be installed at selected elevated metro stations, the way-sides of metro lines
and on the canopies of the E-bus station. Moreover, to optimize the utilization of surplus
PV-generated power, a green hydrogen production facility is proposed as an addition to
the system, as illustrated in Figure 2. The produced green hydrogen will be used to fuel
hydrogen gas turbines (HGTs) to contribute to the system’s energy demand.

The optimal scheduling of energy selling, purchasing, and storage is determined
by the energy management and demand-side management (EM-DSM) algorithm, which
adapts to fluctuations in energy prices.

3.1.1. Metro Line Stations and Way-Sides

Concerning the PV installation areas in metro stations, three distinct station building
designs are considered, as depicted in Figure 3a. As previously stated, the network includes
four interchange stations. The first interchange station, Masr Station, follows a unique
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architectural design (D1) due to its historical significance. While upgrades are possible,
structural modifications are restricted.

D1
(] l"_l :‘_Ll'.'l'!ll"l_ o
2 T

Available PV area 4225 m? Available PV area 5250 m? Available PV area 1595 m?
(a) Available area for PV installation in different metro stations

Way-sides
for PV in-

stallation

(b) Available area for PV installation along metro line’s way-sides

Figure 3. Available area for PV installation in different metro stations and way-sides.

The other three interchange stations feature a more contemporary design (D2), similar
to that of the second interchange station, Sidi-Gaber. Meanwhile, the remaining 16 elevated
stations will adopt a design corresponding to (D3).

The PV areas available for installation, as shown in Figure 3, represent the remaining
rooftop spaces of the stations after excluding skylight-covered sections. Considering the PV
installation capacity at each station, the total available area across all 20 stations amounts
to approximately 48,700 m?. As for the available PV installation area along the way-sides,
according to the direction of the way-side, an area of 14 km long by 3 m height is considered,
with an approximate area of 42,000 m?. The specifications of the PV arrays installed on
the metro station rooftops are detailed in Table 2. The annual distribution of average solar
radiation is depicted in Figure 4. As illustrated, the highest peak radiation of 879 W/m?
occurs in May, while the lowest peak radiation of 278 W/m? is recorded in January.
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Table 2. The data of the PV array used on rooftops of metro stations and E-bus station canopies.

UPV 950/0
pPv. 200 W/1.6 m?
SRstc 1000 W/m?
te —0.41%/°C
PV o
TEY 25°C
900 — T T T T T T T T T T T
800 - ﬁ i
700 - H ﬂ
: |
g 600 - ﬂ
3
§ 500 - n
5
g 400 - -
5 |
S 300
n
200 -
100 - d .
: . U

Jan. Feb. Mar. Apr. May. Jun. Jul. Aug. Sep. Oct. Nov. Dec.
Month

Figure 4. The average solar radiation during a year.

3.1.2. E-Bus Station

The UTS will feature an E-bus charging station, similar to the one illustrated in Figure 5,
designed to simultaneously charge up to 100 buses using dispensers with a maximum
output power of 150 kW. Each bus is equipped with a 462 kWh battery and has an energy
consumption rate of 2.9 kWh/km. The permissible state of charge (SOC) ranges from a
minimum of 20% to a maximum of 95% of the battery’s full capacity [30]. The charging
station will also include five canopies covering a total area of 780 m?, allocated for PV
unit installation.

Figure 5. An E-bus charging station.
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Number of buses

The charging and discharging processes of the E-bus batteries follow the EV model
outlined in Equations (4)—(8). The arrival and departure schedules of the fleet are depicted
in Figure 6a, showing a consistent operational pattern. Departures begin at 5:00 AM, with
25 buses leaving the station every 15 min. The duration required to complete a route varies
between 2 and 4 h, after which the buses return to the station for a 30 min dwell time before
their next departure. The resulting occupancy levels of the E-bus station are presented in

Figure 6b.

120

120

100 -

80 -

60 -

40 -

20+

departed buses
arrived buses

Number of buses

2 4 6

s
@
S

8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24

Time (hour) Time (hour)

(@) (b)

Figure 6. (a) Total number of buses arrived/departed during 24 h, (b) Occupation level of the
E-bus station.

During their stay at the station, E-buses have the capability to exchange power with
both the railway’s power system and the electricity grid. However, this energy exchange is
contingent upon their SOC, which exhibits considerable uncertainty.

3.1.3. EVs Parking Garage

In contrast to E-buses, the arrival and departure patterns of EVs are modeled using
normal distribution functions with distinct means and standard deviations, as shown in
Figure 7a. The mean arrival time is 6:00 AM with a standard deviation of 60 min, while the
mean departure time is 8:00 PM, also with a standard deviation of 60 min. Based on these
patterns, the occupancy level of the EV parking garage is illustrated in Figure 7b.

450

N w w S
a S a =3
S S =] =

Number of EVs
)
8

150 -

——arrived EVs
departed EVs

Number of EVs

. . . d I 4 | L L L L L . "
6 8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24
Time (hour) Time (hour)

(@) (b)

Figure 7. (a) Total number of EVs arrived/departed during 24 h; (b) Occupation level of the EVs
parking garage.
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This study incorporates a variety of EVs with different battery capacities, as well as
varying charging and discharging rates. The distribution of battery capacities among EVs
is assumed to follow a normal distribution. Additionally, the initial state of charge (SOC) is
considered to follow a uniform distribution within the range of 20% to 50% of the battery’s
total capacity. The specifications of the EVs are detailed in Table 3 [2].

Table 3. EVs’ Data [2].

Batteries” Rated EV pEV ; SOCH™ min Mean Standard Deviation
i o socC %
Capacity (kWh) CRTDRE (W) Tev (%) £V (%) Arrival Departure  Arrival  Departure
8 1.6
17 34
1-3 95 20 6 a.m. 8 p.m. 60 min 60 min
18 3.6
48 9.6

3.1.4. Green-Hydrogen Generating Station & HGT

The green hydrogen station will utilize excess PV energy that remains unconsumed
by the railway stations. It is capable of producing up to 1300 Nm? /h of hydrogen gas, with
an average energy consumption of 4.5 kWh/Nm?. As previously stated, the produced
hydrogen will be used to power hydrogen-fueled microturbines. Consequently, the station
is equipped with 10 hydrogen-fueled microturbines, each with a capacity of 300 kW and an
efficiency of 40.3%.

3.2. PV System Integration and Optimal Energy Management

Figure 8 illustrates the available regenerative braking energy along with the internal
load consumption across the 20 metro stations, while Figure 9 presents the PV power
generation from metro stations, line’s way-sides and E-bus station.

35 T T T T T —— T T
——RB
[— stations' load|
30+ 4
25 1
P ]
E20
B
s
o 15} 1
o
10 - 4
5_ -
L . M 1
e———————aaaiN i L [].V
0 2 4 6 8 10 12 14 16 18 20 22 24

Time (hour)

Figure 8. The available regenerative braking and the stations’ internal load consumption of the
20 metro stations.
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Figure 9. The available PV-generated power of metro stations, line’s way-sides and E-bus station.

Furthermore, the energy trading prices with the utility grid are presented in Figure 10.
As shown, the selling price of energy to the utility grid is approximately 66% of the
purchasing price. However, since the energy management algorithm accounts for internal
energy trading among system components, the associated prices differ from those of
transactions with the utility grid. In this study, the price of energy exchanged between EVs
in a parking lot is set at 90% of the utility grid’s selling price, while the price for energy
traded between the UTS and EVs is assumed to be 80% of the utility grid’s selling price.

As integral components of the UTS, the E-bus station, green hydrogen production
facility, hydrogen-fueled turbines (HGTs), and PV units engage in energy trading with
metro stations at no cost.

This study considers 22 agents within the RL algorithm, as detailed in (19). To define
the action sets for demand-side management (DSM) of lighting and HVAC loads across
the 20 metro stations, acceptable load levels are specified in Table 4. For the two agents
representing the E-bus station and the EV parking garage, the action sets—corresponding
to vehicle charging and discharging—are determined as a percentage of maximum capacity
while ensuring compliance with SOC limits, as indicated in Table 4.

40

UG selling price
——— UG buying price

35

w
o
T

N
4]
T

]
o
T

Energy price ($/MWh)

-
(4]
T

10

0 2 4 6 8 10 12 14 16 18 20 22 24
Time (hour)

Figure 10. The energy trading prices with the utility grid.
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Table 4. The action sets of RL agents.

Agent ID Action Set

2Pl [0.75, 0.85, 0.95, 1] of PLSH
aPHVAC-i [0.7,0.8,09, 1] of Py5k"

aphEV [0.6,0.7, 0.8, 0.9] of PEV.

apiis—EV [0.25, 0.35, 0.45, 0.55] of PLY,
apeh-Ebus [0.6,0.7, 0.8, 0.9] of PE. bus
apis—Ebus [0.25, 0.35, 0.45, 0.55] of PE. bus

Although the urban transportation energy system includes 44 controllable sub-actions
across 22 agents, a centralized reinforcement learning formulation would lead to a pro-
hibitively large joint action space. Based on the action discretization summarized in Table 4,
each controllable variable is discretized into four levels. Consequently, each metro station
agent—controlling lighting and HVAC loads—has 4 x 4 = 16 feasible actions, while the EV
parking and E-bus station agents each have 4 x 4 = 16 actions associated with charging
and discharging decisions. A centralized controller would therefore face a theoretical joint

action space of 16%

, which is computationally intractable for tabular learning.

Therefore, to overcome this challenge, the problem is formulated as a factored Markov
decision process (FMDP) and solved using a decentralized multi-agent Q-learning frame-
work. In this formulation, each agent learns an independent Q-function over its own local
state and action space, eliminating the need to enumerate or store joint state—action pairs.
As a result, the learning complexity scales linearly with the number of agents rather than
exponentially with the number of controllable variables.

With the adopted discretization, each agent’s action space is limited to 16 actions, and
the corresponding Q-table size is given by |Qi| = |Si| x 16, where |Si| denotes the number of
discrete local states observed by agent i. For the considered system, this results in Q-tables
of manageable size and enables stable convergence within a practical training time. There-
fore, despite the large theoretical joint action space, the proposed RL framework remains
computationally feasible for the studied system scale. Extensions to higher-resolution con-
trol or larger transportation networks would require function approximation techniques,
which are left for future work.

To evaluate the impact of PV integration on the transportation power system and
optimized energy management, three scenarios are examined. In the first scenario, which is
the base scenario, all energy transactions within the transportation system occur exclusively
through the utility grid (UG). Under this condition, metro station internal loads are supplied
by the UG without DSM, and any available regenerative braking (RB) energy is also sold to
the UG. Additionally, the charging and discharging of EVs in the parking lot and E-bus
station are conducted solely via the UG, with no direct energy exchange between vehicles.
Moreover, this scenario does not include green hydrogen production, meaning that HGTs
do not contribute energy to the transportation system.

In the second scenario, the RL-based energy management (RLEM) algorithm is ap-
plied, incorporating both PV generation and hydrogen-fueled turbines (HGTs) into the
system. This scenario allows internal energy trading among EVs; however, no direct energy
exchange takes place between EVs and the UTS. The remaining energy required to meet
the demands of the UTS, including metro stations and E-buses, is supplied by the utility
grid (UG), while any surplus energy generated within the system is sold back to the UG.

In the third scenario, the RL-based energy management algorithm is implemented
with an added priority for energy trading between the UTS and the EV parking lot before
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engaging in transactions with the UG. While energy exchange among E-buses remains
free of charge, it reduces reliance on the UG, thereby lowering the cost of purchased
energy. Furthermore, this pricing strategy ensures that internal energy trading between EVs
and among E-buses takes precedence before transactions with other system components.
Likewise, energy exchange between the UTS and EVs is prioritized over trading with
the UG.

Figure 11 presents the internal power consumption of metro stations before and
after the implementation of demand-side management (DSM) within the RL-based energy
management (RLEM) algorithm. As observed in Figure 11, shifting loads from peak price
periods to off-peak intervals has resulted in approximately a 3% reduction in energy costs
when relying on the utility grid (UG) for power supply.

2.5 1 Y I
load before DSM
-load after DSM
2 4
= |
E 1.5
e
0]
=
[=]
o.
1+
0.5 -, 4

0 2 4 6 8 10 12 14 16 18 20 22 24
Time (hour)

Figure 11. The internal power consumption of the metro stations before and after applying DSM.

Table 5 summarizes the energy trading costs among the UTS, EVs, and UG across
different scenarios. As indicated in Table 5, with the integration of RLEM, PV units, green
hydrogen production, and hydrogen-fueled turbines (HGTs) into the UTS, the revenue
from energy sold to the UG in Scenario 2 increased by 62.5% compared to Scenario 1. This
rise is attributed to the incorporation of renewable energy sources within the UTS and
internal energy trading between E-buses. In Scenario 3, where energy trading between the
UTS and EVs is also introduced, the revenue from UTS energy sales increased by 58.9%
relative to Scenario 1 but decreased by 2.17% compared to Scenario 2 because of the energy
sold to EVs.

Likewise, the cost of energy purchased by the UTS from the UG in Scenario 2 decreased
by 40.2% compared to Scenario 1. Additionally, in Scenario 3, with energy trading between
the UTS and the EV parking lot taken into account, the total cost of energy acquired by
the UTS from both the UG and discharging EVs amounted to $3440, representing a 40.2%
reduction relative to Scenario 1.

Figure 12 presents the power consumption of the UTS loads alongside the power
supplied by its various energy sources. As illustrated, there are periods throughout the
day when the energy demand of the UTS surpasses the available supply from internal
resources. To address this shortfall, additional power is drawn from the utility grid (UG)
and the EV parking lot, as detailed in Table 5, ensuring compliance with the power balance
constraint specified in Equation (14). Conversely, at other times, the power generated by
UTS energy sources exceeds the system’s load demand. During these intervals, the excess
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energy is traded with both the UG and the EV parking lot, maintaining adherence to the
power balance constraint in Equation (14).

Table 5. The cost of energy traded between the UTS, EVs and UG.

Energy Cost ($)
Energy Traded
Scenario 1 Scenario 2 Scenario 3
Sold 4.7533 x 103 7.724 x 103 7.5557 x 103
UTS and UG
bought 5.7568 x 103 3.4427 x 103 3.4297 x 103
Sold 136.5771 11.8405 3.1739
EVs and UG
bought 450.8924 263.7876 11.3364
Sold X X 10.4
EVs and UTS
bought X X 201.961
EVs internal trading X 168.3943 168.3943

X: not applicable.

With regard to the influence of RLEM on EV energy trading costs, a comparison
between Scenario 2 and Scenario 1 is provided in Table 5. The internal trading among EVs
within the parking lot resulted in a 41.5% reduction in the cost of energy purchased from
the UG and a 91.3% decrease in the cost of energy sold to the UG. However, the overall
revenue generated from energy sold by discharging EVs—both to the UG and to other EVs
for charging—increased by 31.9%, while the total cost of energy procured from both the
UG and discharging EVs decreased by 4.1%.

In Scenario 3, incorporating both internal energy exchanges among EVs and energy
transactions with the UTS resulted in an additional 15.3% reduction in the total cost of
purchased energy and a 33.2% increase in revenue from sold energy compared to Scenario 1.

Figure 13a shows the power needed to charge EVs and E-buses, the power available
from discharging EVs and E-buses, and the power traded internally in the EVs parking lot
and E-bus station, while Figure 13b shows the power traded externally with the system.
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Figure 12. The power consumed by the UTS’s loads and the power supplied to it by different
energy resources.
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Figure 13. (a) The power needed to charge EVs and E-buses, the power available from discharging
EVs and E-buses, and the power traded internally in the EVs parking lot and E-bus station; (b) The
power traded externally with the system.

Figure 14 depicts the convergence of energy costs during the training process of the
RL algorithm for both scenarios 2 and 3. The training is conducted over 10,000 iterations
with a learning parameter (y) of 0.8. As shown in Figure 14, the cost value stabilizes at a
minimum, as anticipated. Furthermore, Table 5 reveals that the revenue from energy sold
by the UTS surpasses the cost of energy purchased, resulting in the convergence of the
objective value to a negative value, as illustrated in Figure 14.
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Figure 14. The convergence of the objective value through the training process of the RL algorithm
both in scenario 2 and 3.

4. Conclusions

This paper investigated the electrified transportation system in Alexandria to evaluate
the impact of integrating renewable energy sources (RES) into an urban transit system (UTS).
To enhance the system’s efficiency and sustainability, rooftop photovoltaic (PV) units and
green-hydrogen production for hydrogen-powered gas turbines were incorporated as clean
and renewable energy solutions. This integration ensured that any surplus PV-generated
power exceeding the system’s demand is effectively utilized rather than wasted. The
examined UTS consists of an electrified metro line, a fleet of electric buses, and designated
parking lots for electric vehicles (EVs).

To maximize the benefits of RES integration, an optimal management strategy for
the integrated energy system (IES) of the UTS was developed. The proposed energy
management approach, which included demand-side management (DSM) for UTS loads
and EVs, introduced complexity in decision-making due to the uncertainty of decision
variables and the large search space. To address these challenges, a modified multi-agent
reinforcement learning (MRL) algorithm was implemented. The optimization problem
was structured as a finite Markov decision process, incorporating mixed uncertainties as
additional states and action scenarios within the MRL framework.

The simulation results highlighted the economic advantages of integrating renewable
and sustainable energy sources into the IES of the electrified UTS, demonstrating a potential
reduction of 40.2% in the average daily energy consumption cost.

Despite these promising results, this study has several limitations. First, the reinforce-
ment learning model relies on discretized state and action spaces and simulation-based
training data, which may limit scalability to larger systems with highly continuous dynam-
ics. Second, uncertainties in load demand, renewable generation, and energy prices are
modeled using stochastic dynamics, which may not fully capture extreme or rare events.
Third, the analysis is based on a specific case study in Alexandria, and system perfor-
mance may vary under different climatic, market, or regulatory conditions, in addition to
simplified modeling of some components of the system.
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Future work will focus on addressing these limitations by extending the proposed

framework to continuous-state reinforcement learning methods, incorporating more de-

tailed component models, and validating the approach using real-time operational data.

Additionally, expanding the framework to multi-regional transit networks and investi-

gating the interaction with emerging electricity markets and carbon pricing mechanisms

represent promising directions for further research.
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the efficiency of the PV array

the maximum PV power (MW)

the solar radiation at time t (W/m?)

the solar radiation under standard testing conditions (STC) (W/ m?)

the temperature coefficient of the maximum output power (1/K)

the temperature of the PV cell at time ¢ (K)

the temperature of the PV cell under STC (K)

the ambient temperature at time ¢ (K)

the electrolyzer’s output power (MW)

the PV power input to the electrolyzer (EL) at time t (MW)

the maximum and minimum power input to the EL (MW)

the conversion efficiency of the EL

the EV’s factor of willingness

a factor representing the next journey of the ith EV

the maximum capacity of an EV’s battery (MWh)

the state of charge (SOC) of an EV at time f as percentage of its battery’s
maximum capacity

the percentage maximum and minimum SOC of an EV at time ¢, respectively
the charging and discharging efficiency of an EV, respectively

the charging and discharging power of an EV (MW), respectively

the charging and discharging rates of an EV (MW /h), respectively

the EV’s arrival and departure time, respectively

the starting and stopping time of EV’s charging, respectively

the starting and stopping time of EV’s discharging, respectively

the efficiency of the hydrogen-fueled gas turbine (HGT)

the output power of the HGT (MW)

the maximum and minimum power input to a HGT (MW), respectively
the minimum and maximum power output of a HGT (MW), respectively
the electric power bought and sold (MW), respectively

the energy buying and selling prices ($/MWh)

the dissatisfaction cost of nth load at time ¢ ($)

the dissatisfaction energy price at time ¢ ($/MWh)

the dissatisfaction coefficient

the consumed power of the nth load at time t (MW)

the rated power of the nth load at time t (MW)
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PtG by, PE=*l the power bought from and sold to the electricity grid at time t (MW)

PtEvfch, PtEvfdis the power traded with EVs (MW)

PRE the regenerative braking power (MW)
Ptl‘md the loads power at time ¢ (MW)
PtT PS the power traded with the transportation system at time t (MW)
Ptl ight the power of the lighting loads at time ¢ (MW)
PtHVAC the power of the HVAC loads at time t (MW)
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