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Abstract

The rapid expansion of integrated photovoltaic (PV) generation, bat-

tery energy storage systems (BESS), and electric vehicle (EV) charg-

ing stations within coupled transportation–energy networks presents

unprecedented challenges in achieving energy efficiency, cost mini-

mization, and operational scalability. Traditional centralized opti-

mization methods struggle to accommodate the distributed, privacy-

sensitive, and dynamic nature of such multi-node infrastructures.

This paper proposes a novel hybrid optimization framework com-

bining Federated Learning (FL) with Transformer-based Deep Re-

inforcement Learning (T-DRL) to address these challenges. The

FL module enables decentralized collaborative training across dis-

tributed PV–Storage–Charging (PSC) nodes without sharing sensi-

tive local data, preserving privacy and ensuring scalability. Concur-

rently, the Transformer-DRL agent models complex temporal depen-

dencies in solar irradiance, EV arrival patterns, and grid demand to

dynamically optimize charging schedules and storage dispatch. The

proposed framework operates within a co-simulation environment in-

tegrating MATLAB/Simulink for energy system modeling, SUMO for

transportation network simulation, and Python PyTorch for learn-

ing algorithm implementation. Experimental results across multiple

urban scenarios demonstrate a 36.5% reduction in peak grid load, a

31.2% improvement in PV utilization rate, and a 27.8% decrease in

overall operational costs. Furthermore, the hybrid FL–T-DRL frame-

work achieves a 12.4% faster convergence rate and 9.7% higher adapt-

ability under variable traffic and weather conditions compared to

baseline centralized DRL or conventional rule-based methods. These

results confirm the framework’s efficacy for scalable, privacy-aware,

and intelligent optimization of distributed PV–Storage–EV charging

stations in modern smart cities.
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1. Introduction

Coupled transportation electric energy systems of the fu-
ture are incorporating photovoltaic (PV) generation, bat-
tery energy storage systems (BESS), and electric vehicle
(EV) charging infrastructure, as an element of future smart
cities [1]. Such multi-domain, cyber-physical systems pose
a difficult multi-orchestration problem with respect to real-
time energy control, dynamic traffic conditions, and the
varying renewable resources. With cities on the edge to be-
come more sustainable and to decarbonizes, it is essential
to optimize the functioning of the distributed PV -Storage
-Charging (PSC) nodes in order to enhance the efficiency of
energy consumption, reduce the operational costs, and en-
sure grid reliability [2]. Nonetheless, the conventional cen-
tralized optimization methods experience increasing con-
straints on this front. The volumes of distributed assets
create bottlenecks in scalability, and the requirement to
guarantee privacy of the user and sovereignty of the local
data regarding EV behavior, PV generation, and storage
dynamics makes it difficult to aggregate data centrally. In
addition, these systems are run on high-dimensional, non-
linear temporal uncertainties, which are caused by stochas-
tic solar irradiance, varying EV arrival rates, and dynam-
ically changing energy prices, and are not suited to rule-
based or model-driven solutions [3]-[4].

The solution to these challenges is to have a renewed
interest on the concept of decentralized, smart control
paradigms capable of learning adaptive strategies over spa-
tially distributed nodes. The concept of Federated Learn-
ing (FL) has been developed as a potentially effective
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remedy to the problem of collaborative training of mod-
els without the exchange of raw data, which does not
contradict the privacy-preserving conditions. Simultane-
ously, Deep Reinforcement Learning (DRL) has shown a
high potential in sequential decision-making in cases of un-
certainty [5]. However, traditional DRA models tend to
converge slowly and have low interpretability in model-
ing long-term temporal dependencies in both energy and
transportation sectors. Transformer-based architectures,
which have initially excelled in natural language process-
ing, have demonstrated a high performance in long-range
dependencies and contextual patterns in recent studies in
providing a potent addition to DRL in dynamic settings
[6].

Figure 1. Decentralized FL-T-DRL Framework for Smart
PSC Node Optimization

In this work, we offer a new hybrid architecture
which combines Federated Learning with Transformer-
based Deep Reinforcement Learning (FL -T-DRL) to op-
timize the energy flows and EV charging schedules at dis-
tributed PSC nodes (Fig. 1). Our model is our frame-
work that works in a co-simulation environment that in-
tegrates MATLAB/Simulink to model the dynamics of
an energy system, SUMO to model real-time traffic, and
PyTorch to implement deep learning. This research has
threefold contribution: (i) a privacy-preserving, decentral-
ized optimization framework through FL over heteroge-
neous PSC nodes; (ii) a Transformer-based DRL agent
with abilities to capture long-term dependencies on renew-
able generation, EV behavior, as well as demand profile;
and (iii) a scalable and modular simulation platform to
assess joint transportation-energy scenarios. Massive ex-
periments show great gains in grid peak reduction, PV
use, and cost savings in operations and learning flexibility
in different urban conditions [7]. These results confirm the
applicability of the proposed framework to be applicable
to large scales in the next-generation smart city infrastruc-
tures.

2. Relevant Work and Research Gap

Recent energy-transportation integration studies have ex-
amined a number of methods to better coordinate dis-
tributed energy resources (DER) and the coordination of
EV charging. The Traditional approach is based on rule-
based heuristics or convex optimization models, which are

useful in simplified situations but are prone to scale fail-
ure in connecting multiple nodes in a time-varying envi-
ronment [8]-[9]. The uncertainty and enhanced flexibility
have been addressed using centralized DRA methods, but
these methods normally demand access to massive, usually
sensitive, real-time information by all the involved nodes,
creating significant privacy, data ownership, and commu-
nication bandwidth issues. Recently, Federated Learning
(FL) has gained some interest because it might be used
to train models without the raw data sharing. FL does
not have current applications in power systems, and the
current literature is primarily on predicting a system with
a static load or isolated DER control. The vast major-
ity of these implementations rely on simplistic models of
learning, including feedforward networks or simple recur-
rent networks, which do not have the expressiveness to
model the interaction of the various temporal dynamics of
PV generation, EV charging needs, and grid constraints of
a coupled system [10].

At the same time, Deep Reinforcement Learning has
been used to optimize charging schedules and storage
operations, whereas the standard DRL agents, including
Deep Q-Networks (DQN) and Proximal Policy Optimiza-
tion (PPO), can frequently be inefficient in learning in
both long-term-dependent and low-density environments
[11]-[12]. In addition, such agents are usually trained in
a centrally oriented manner and not scalable in struc-
tures geographically distributed. Transformer-based mod-
els have recently become a powerful contender in the tem-
poral modeling community in the context of control, but
their use in the context of DRL to energy systems is not
frequently studied, especially in federated scenarios. Al-
though some advancements have been made in isolated
settings, such as FL to provide privacy, DRL to control,
and Transformers to learn over time, there is a large gap
in the literature of how these technologies can be com-
bined into a scalable framework for the specifics of joint
energy-transportation systems [13]-[14]. Specifically, the
requirement to (i) decentralized training with heteroge-
neous nodes of PSC with privacy concerns, (ii) dynamic
optimization with intricate time-dependent dynamics in
coupled systems, and (iii) practical implementation with
full-scale simulation systems to simulate both energy and
transportation dynamics are not effectively covered by pre-
vious literature (Table.1). The current research paper will
deal with these unresolved issues by presenting an FL T-
DRL framework that combines the decentralized intelli-
gence with the temporal modeling feature as a new step
toward the optimization of smart infrastructures in urban
areas.

3. System Modeling and Operational Context of
Coupled Energy–Mobility Networks

The high speed in the development of electric vehicles
(EVs), rooftop photovoltaic (PV) systems, and decen-
tralized energy storage systems is converting conventional
power and mobility systems into highly integrated cyber-
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Table 1
Feature Comparison of Existing Methods and the Proposed FL-T-DRL Framework for PSC System Optimization

Approach /
Feature

Scalability to
Multiple Nodes

Temporal
Dependency
Modeling

Data Privacy
Preservation

Support for
Decentralized
Learning

Joint En-
ergy–Transportation
Optimization

Co-Simulation
Capability

Adaptability to
Uncertainty

Rule-Based /
Convex
Optimization
Centralized DRL
(e.g., DQN, PPO)
Federated Learning
(FL)
FL in Power
Systems (Basic
FFNN/RNN)
DRL for EV
Charging / BESS
Control
Transformer
Models (General)
Proposed
FL-T-DRL
Framework

physical systems. The concurrent nature of these assets is
extremely demanding in an urban setting with regard to
demand variability, infrastructure strain, and optimization
of energy expenses [1]. Stochastic renewable generation,
mobility-based charging behavior, and grid constraints re-
quire a decentralized control approach, which is intelligent
and adaptive. This work aims to improve the energy ef-
ficiency as well as operational performance of the Cou-
pled Transportation-Energy System (CTES), where sev-
eral distributed PV-storage-charging (PSC) nodes work
within the shared urban infrastructure. Each PSC node is
a micro-energy hub with the capability of local control and
consists of rooftop solar power generation, battery units
for energy storage, and EV charging ports. These nodes
are installed in the multi-zone urban area that has the
variability of traffic, the change of solar irradiance, and
diversity in load profiles. The goal is to create a decentral-
ized learning-based optimization method that, while at the
same time reducing the stress of the grid, can maximize the
use of PV, and be able to maintain the charging reliability
of user-centric EV without any data privacy breach occur-
ring across the nodes [2].

3.1 System Configuration and Operational Con-
text

The current study provides a mid-sized city model that can
reflect the complicated nature of the modern-day smart
cities where energy and transportation infrastructure have
merged (Fig. 2). The research basis of the electrical dis-
tribution system is a modified IEEE 33-bus radial feeder,
which is a commonly used model in distribution system
studies and can realistically depict voltage and load profiles
in urban electrical grids. The testbed idea was extended to
5 urban zones. Each zone contains multiple photovoltaic-
storage-charging (PSC) nodes that have been put there in
a well-thought plan made up of the residential complex,
commercial buildings, and EV parking lot. PSCs deployed
in cities are equipped with solar panels on the rooftop and

lithium-ion batteries specially designed for urban deploy-
ment of a certain scale [3]-[4].

Figure 2. System Architecture and Operational Modeling
of Urban-Scale Coupled Energy–Mobility Network with
Distributed PSC Nodes

Urban solar energy technologies and their respective out-
put vary over time and longitude in urban environments.
Observed from above, the solar radiation will have been
changing, and so continuous data collection has become
important to accommodate such variations, which may
sometimes occur in the shortest periods, too. To achieve
reproduction precision of the time-dependent renewable
energy production, solar radiation profiles for each moder-
ate area are derived using their high-resolution historical
weather data (5-min granularity) that adequately repre-
sent both daily and seasonal solar variations. Moreover,
the datasets are unique for each location, as such micro-
climate effects are found between the five zones in the
metropolitan area [5]. The electric vehicle arrival and de-
parture schedule is artificially created based on traffic flow
data gained via the SUMO platform. EV arrival rates
are modeled using time-dependent Poisson processes that
reproduce typical morning and evening peak hours, along
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with the night period characterized by low vehicle activity.
The model thus enables a realistic rendering of stochas-
tic charging requests synchronized with solar variability.
Each PSC node is an independent decision-making unit
that is responsible for energy management locally based
on its condition and surroundings, but also cooperates in
a federated learning setup. Privacy-sensitive operational
data, including individual EV charging habits or local load
patterns, remains confidential in this decentralized scheme
made possible by the periodic model aggregations, which
bring about collective intelligence. The immediate local
energy consumption at a node covers both the EV resi-
dential loads that are static and the part of the load that
is dynamic, being the EV charging, thus the energy con-
sumption patterns are based on real-life urban household
consumption data. Additionally, the grid interaction is
equipped with some constraints, such as the possibility of
net metering that enables the feeding-in of the grid of the
surplus photovoltaic generation, and Time-of-Use (ToU)
tariff schemes that promote load shift by charging during
off-peak hours. Such a system provides a realistic environ-
ment for testing the suggested federated Transformer-DRL
optimization framework [6]. The chosen modified IEEE-33
bus radial distribution feeder demonstrated wide-ranging
advantages such as being moderate in size, easy to com-
pute, and being able to depict the voltage drops and con-
gestion patterns in real-world scenarios, which are common
to mid-scale urban grids. Power-flow calculations for the
IEEE-69 bus system, on the other hand, were much larger,
less manageable, and the flow of data for co-simulation was
limited. With the 33-bus model, the researchers were able
to achieve the right balance between structural complexity
and simulation efficiency.

Table 2
Comparison of IEEE-33, IEEE-69, and European LV

Networks

Feature IEEE-33
Bus

IEEE-69
Bus

EU LV
Feeder

Typical Size Medium Large Small-
/Medium

Voltage Drops Moderate High Very Low
Computational

Load
Moderate High Low

Suitability for FL
+ Co-Simulation

High Medium Low

Grid Congestion
Modeling

Good Very
Good

Limited

EV/PV Integration
Studies

Excellent Excellent Moderate

Furthermore, the IEEE-33 bus system is more compat-
ible compared to the European LV test feeders— where
the emphasis is on short-line, high-density layouts— which
were mainly used for distributed PSC node placement
across several zones in our federated learning framework.
The former’s hierarchical topology, in particular, is suit-
able for the stress-testing of distributed optimization un-
der varying conditions of renewable energy penetration and
the load of EV charging.

In order to make the demand representation more real-

istic, the total load at every PSC node is broken down into
three main categories. First, the residential loads consist
of time-varying profiles for light, heating, and cooling sys-
tems, and for home appliances, all based on actual urban
consumption data. Next, the commercial loads are based
on the consumption of offices, shops, and small businesses,
but they also show differences between the weekday and
weekend operations. Finally, the loads due to the mobility
of EVs are highly variable in time, with the charging de-
mands being derived from the vehicle flows generated by
SUMO and the stochastic arrival patterns. The three com-
ponents are normalized separately and then combined to
obtain composite load curves that represent intra-day vari-
ations more accurately and reflect consumption diversity
at the zone level across the smart city environment.

3.1.1 Daily and Seasonal Variability Modeling

Daily and seasonal variations in environmental conditions
play a very important role in PV generation patterns,
charging demand, and scheduling decisions. In order to
quantify this spatiotemporal variability, high-resolution ir-
radiance data (5-minute resolution) from local weather sta-
tions are used. Data of this kind represents diurnal cy-
cles, cloud-induced intermittency, and seasonal deviations
in peak sun hours. Such variations to a great extent influ-
ence the amount of PV utilization, how deep the battery
is cycled, and grid interaction patterns: summer months
typically provide enough PV energy to allow for deeper
charging and less reliance on the grid, while winter condi-
tions require more frequent BESS dispatch and ToU-driven
grid support. Besides, seasonal mobility patterns have an
effect on EV arrival rates, which in turn creates more vari-
ability in charging demand. The Transformer-DRL agent
takes advantage of temporal embeddings for recognizing
these daily and seasonal patterns which produces adaptive
scheduling policies that could cope with the changing en-
vironmental conditions flawlessly. Figure 3(b) shows the
seasonal PV generation profiles for five urban zones.

Figure 3. Seasonal PV Irradiance Patterns Affecting Bat-
tery Scheduling and Grid Interaction

Figure 3. Seasonal PV generation profiles for five urban
zones showing the diurnal and seasonal variability in irra-
diance. These variations impact the behavior of the PV,
battery scheduling, and the optimization response of the
DRL agent.
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Table 3
2-Key System Components with Ratings and Specifications

Component Description Quantity/Scale Technical Specifications
PV Modules Rooftop solar panels (residential &

commercial)
120 units (5 zones) 5 kW each, 18% efficiency, 600 V DC

BESS Units Lithium-ion battery systems 120 units (co-located) 10 kWh capacity, 2C charge/discharge
rate, 95% efficiency

EV Chargers Level 2 AC chargers 60 stations 7.2 kW output, 240 V AC, J1772
compliant

EV Fleet Mixed vehicle types 200 vehicles/day 40–75 kWh battery, 100–300 km
range, random SoC targets

Grid Model IEEE 33-bus radial feeder 1 system Peak load 1.2 MW, voltage limits:
±5%

Traffic Network SUMO-based urban zones 5 districts Custom route modeling, traffic light
coordination

3.1.2 EV Mobility–Energy Coupling Challenges

The combination of electric vehicle (EV) mobility and en-
ergy systems represents a difficult situation, together with
the unpredictable nature of EV behavior and the limita-
tions of the distribution grid. EVs’ arrivals are not pre-
dictable; they are monitored through time-fluctuating mo-
bility patterns, and the duration of their stay varies greatly
according to trip purpose, travel distance, and parking sit-
uation. The different charging practices—of battery ca-
pacities, charger ratings, and users’ state-of-charge (SoC)
preferences—are a major factor that adds to the uncer-
tainty of the instantaneous load demand. All these factors
can result in unpredictably large power demands, which
can cause problems for transformers, voltage limitations,
and cable overheating capacity. In addition, the fact that
EVs are concentrated in certain areas during peak hours
makes it more likely that there will be localized congestion
in both the transportation and the power systems. The
proposed FL–Transformer-DRL framework tackles these
challenges by estimating the probabilistic arrival distri-
butions, predicting the time intervals of congestion, and
planning BESS and PV resources’ allocation in advance
to smooth the spikes in demand. This approach not only
strengthens the system but also guarantees the mobility
and energy domains to operate in a coordinated manner.

3.1.3 Microclimate Zoning and Irradiance Divergence
Modeling

Urban microclimates create huge discrepancies in environ-
mental conditions for different parts of the city, such as
temperature, cloud cover, shading, and air quality, which
are the main factors affecting photovoltaic systems, en-
ergy storage, and federated learning processes. To take
these differences into account, the research categorizes the
city into five separate zones, and each of them gets an
irradiance dataset that is unique and based on the local
weather measurements. The irradiance fluctuation in these
zones can be as high as ±18%, which results in significant
variations in the efficiency of PV output, battery dispatch
tactics, and the Local DRL agent’s activity. These mi-
croclimatic variations are very important for modeling ac-

curately because they show the non-uniform conditions in
which every PSC node works. By using zonal data, the
federated learning framework is made stronger, and the
agent is guaranteed to learn from the various environmen-
tal conditions that are specific to each zone. This method
has the benefit of increasing the model’s capacity to cope
with real-world conditions, thereby boosting both PV uti-
lization and the entire optimization process.

3.1.4 Spatial Zoning Strategy for Urban Energy Systems

The city is divided into five urban zones primarily based on
socio-demographic and infrastructure factors. The zoning
is made by land-use clustering that includes not only res-
idential areas but also commercial, industrial, and mixed-
use areas, which, in turn, show different energy consump-
tion and mobility patterns. Also, the zoning corresponds
with existing grid and feeder boundaries, thus each zone
depicts very realistic operational constraints such as volt-
age, transformer loading, and distribution capacity. This
kind of zoning not only allows for more accurate modeling
of PV generation, load, and EV mobility but also helps
the federated learning framework by providing diverse data
streams. Thus, every PSC node is characterized by differ-
ent environment and demand conditions, which makes it
possible for the global aggregator to gain knowledge from
various spatial patterns. Thus, the process becomes more
stable, and generalization has wider coverage throughout
the urban network.

3.2 Component Specifications and Simulation
Ratings

The implemented simulation outlines the component rat-
ings of PV systems, energy storage, EV charging systems,
and grid infrastructure. Every essential element is parame-
terized extensively to reflect a commercially attainable set
of configurations and their normal operating states [7].

This configuration enables a realistic testbed for eval-
uating the joint operation of energy and mobility assets
under diverse environmental and behavioral conditions.
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3.3 System Layout Diagram and Description

The structural coupling of the transportation-energy sys-
tem is depicted in Figure 4. The urban testbed is di-
vided into five operating zones, with each zone designed
with distributed PV-Storage-Charging (PSC) nodes con-
nected to the local grid through a modified IEEE 33-bus
feeder. Each PSC node includes rooftop PV modules, a co-
located lithium-ion battery energy storage system (BESS),
and Level 2 EV charging infrastructure [8]. These nodes
become local energy hubs that can both draw from the de-
mand side of the grid and interact with the transportation
side through mobility events.

Figure 4. System Architecture of the Coupled Transporta-
tion–Energy Network with Distributed PSC Nodes and
Federated Learning-Based Optimization

The Simulation of Urban Mobility (SUMO) platform
generates the EV traffic flows of these zones, making it pos-
sible to simulate the vehicles’ arrival, routing, and parking
in real time. The electrical grid and energy management
are operated by MATLAB/Simulink; the control of en-
ergy in each node is based on the policies that have been
learned. The deep reinforcement learning (DRL) agents–
empowered with Transformer architectures–are carried out
locally on each node, while a Federated Learning (FL) co-
ordinator is responsible for bringing together the differ-
ent local models for an update of the global model, thus
ensuring privacy and scalability [9] [10]. The data ex-
changes between the different simulators are carried out
at synchronized 5-minute intervals, which therefore allow
for coordination between the charging demand that comes
from mobility and PV generation variability. The complete
cyber-physical layout guarantees the correct co-simulation
of the spatio-temporal energy transactions and mobility
behaviors, which is the basis of the proposed hybrid FL-
T-DRL optimization strategy. The multivariate spatio-
temporal dynamics of the energy and mobility domains
are captured through a multi-platform co-simulation envi-
ronment. The electrical part is characterized as a MAT-
LAB/Simulink model, which represents each node of the
PSC as a local PV, BESS control logic, and a charging
interface. Furthermore, SUMO (Simulation of Urban Mo-
bility) is utilized to model EV traffic and parking habits,
apart from the EV charging station’s arrival/departure

profiles. Transformer-based DRL agents and Federated
Learning coordination have been implemented in Python
using PyTorch and have also been connected to Simulink
and SUMO through Python-MATLAB TCP/IP and TraCI
APIs, respectively. The data transfers among simulators
are done in a synchronized time-stepped manner (5-minute
intervals), which is very important for the causal consis-
tency of the domains. Every transition of local states, en-
ergy balances, and traffic events is recorded by each PSC
node for local learning updates, which are sent, in an en-
crypted form, to a federated aggregator for global policy
refinement [11]-[12].

3.3.1 Mobility Patterns, Urban Congestion, and EV
Surge Events

Traffic patterns like peak hour congestion, weekend travel
surges, and special-event clustering are among the factors
that determine EV charging demand. The stochastic na-
ture of arrival times and charging durations for EVs cre-
ated by these patterns also impacts the scheduling and
dispatch of energy resources. In order to model these fluc-
tuations accurately, the researchers used SUMO simula-
tions that incorporated the effects of urban traffic conges-
tion and mobility trends. The DRL agent accesses this
information to predict charging demand increases, espe-
cially during high traffic stress periods, and alters the
battery dispatch plan to fit that. The federated learn-
ing model involves traffic-induced EV surge events and
gives each PSC node the ability to work with real-time
knowledge of local mobility patterns, which results in more
adaptive and resilient scheduling decisions. This localized
method not only helps the collective policy performance
but also proves beneficial when fluctuations in energy de-
mand caused by urban congestion or special events are
highly unpredictable.

3.4 Proposed Mathematical Modeling of the Sys-
tem

(a) Nonlinear Energy Consumption Model
This is a nonlinear model that describes the com-
plicated interdependence between the load demand,
generation capacity and energy consumption.

EEV
cons (t) = α.PEV

load(t)
β + γ.PPV

gen (t)
δ (1)

Exponential coefficients of α and β enable the rep-
resentation of diminishing returns in the energy con-
sumption against both the load and generation, with
more realistic description of real-life systems.

(b) Battery Storage Dynamics
This differential is used to model the change of charge
of the battery when we are taking into account the
charging and the discharging processes.

dSoCEV
G (t)

dt
=

PEV
charge (t)− PEV

discharge (t)

CEV
bat

(2)
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It is imperative in the prediction of battery perfor-
mance and also the operating energy management
system within safe and effective limits.

(c) Grid Interaction Modeling
The power exchanged with the grid is defined by this
model as the difference between the load demand,
generation, and storage contributions.

PEV
grid (t) = PEV

load (t)− PPV
gen (t)− PEV

storage (t) (3)

It is essential to the evaluation of the influence of
the system on the rest of the energy grid and the
consumption of local resources.

(d) Transformer-Enhanced Federated DRL Ob-
jective Function
This model incorporates the attention of the Trans-
former model into the federated DRL framework, and
increases the capability of the agent to learn the long-
term dependencies of the energy management system
[13].

LEV −PV
Fed−DRL = EEV

θ (rEV
t + γEEV

s,

î
QEV

θ

(
s′PV , a′

PV

)ó
−QEV

θ (s′t, a′
t))

2 + λEV
PV .LEV −PV

Transformer (s
.
t)

(4)

LEV−PV
Transformer (s

.
t) will refer to the loss term used in

the Transformer model to guarantee the process of
federated learning is optimally able to capture the
change in time in the state information.

(e) Reward Function Design
The balancing of this composite reward functionality
considers various goals such as cost, emissions and
reliability of the system.

REV
t = λEV

1 .CostPV
t + λEV

2 .EmisonEV
t

+λEV
3 .ReliabiltyEV

t

(5)

The priorities of these objectives can be assigned with
the help of the weights λ1, λ2, and λ3, which enables
the multi-faceted optimization method of the energy
management system.

(f) Federated Learning Aggregation
This model characterizes the federated averaging al-
gorithm wherein the model parameters are combined
from several local models.

θ
(t+1)
EV =

K∑
k=1

nEV
k

n
.θ

(t)
k (6)

nEV
k denotes the number of data points in the k th

local model, and n denotes the overall number of data
points of the models. This method will guarantee
that the global model uses various data sources at
the same time, ensuring privacy of the data [14].

(g) Transformer Attention Mechanism
The model determines the essence of the attention
process of the Transformer and allows the model to
concentrate on the significant sections of the input
sequence.

Attention
Ä
QEV

PV , KEV
PV , V EV

PV

ä
= softmax

Ñ
QEV

PV .KT
PV»

dEV
k

é
V EV
PV

(7)

This, in the setting of energy management, enables
the system to give more priority to important infor-
mation, which enhances the decision making.

(h) Policy Update Rule
It is a policy update rule of DDQN, which solves the
overestimation bias of Q-value estimation.

θ
(t+1)
EV =θ

(t)
EV + α · rEV

t

+ γ ·QEV
θ′

Ñ
s′EV, argmax︸︷︷︸

a

Qθ

(
s′EV, a

)é
−Qθ(s, a) · ∇Qθ(s, a)

(8)

It can more effectively update using a target network
θ, which ensures better and consistent updates that
improve the learning process in complex systems such
as energy management systems [15] [16].

3.4.1 Nonlinear Battery Charge–Discharge Characteris-
tics and SoC-Dependent Efficiency Modeling

The actual behavior of lithium-ion batteries is far from
being a simple linear charge–discharge curve as it is in-
fluenced by internal electrochemical, resistive and thermal
processes among others. To model these complex phenom-
ena in a better way, a battery storage model features non-
linear SoC (State of Charge)-dependent efficiency together
with dynamic resistance characteristics.

(a) SoC-Dependent Round-Trip Efficiency
The effective charge (ηc) and discharge (ηd) efficien-
cies are SoC dependent and are given by:

ηc (SoC) = ηc,0 − α (SoC − 0.5)
2
, ηd (SoC)

= ηd,0 − β (SoC − 0.5)
2

(9)

The parameters α and β represent the reduction in
efficiency at the top and bottom of the SoC range, re-
spectively. This approach accounts for the increased
internal resistance and the consequent losses due to
polarization at the extremes of the SoC scale.

(b) Internal Resistance Variation with SoC and
Temperature
Battery impedance is modeled as:

R(SoC, T ) = R0+γ1(1− SoC)
2
+γ2(T−Tref ) (10)

which entails the combined impact of decreased elec-
trolyte conductivity, charge-transfer limitations, and
the fluctuation of temperature.

(c) Corrected Dynamic SoC Update
Using the nonlinear efficiency model, the SoC evolu-
tion becomes:
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SoC′(t) =

®
ηc(SoC)Pch

Enom , P ch > 0
− Pdis

ηd(SoC)Enom , Pdis > 0
(11)

The model thus guarantees an accurate representa-
tion of the asymmetric losses during the charging and
discharging processes.

(d) Thermal Derating
A first-order thermal model is incorporated:

PEV
derated = PEV

max(1− δ(T − TEV
th )) (12)

When, T > TEV
th , capturing protective derating of

charge/discharge power.

Table 4
Parameters of Nonlinear Battery Efficiency Model

Parameter Meaning Typical
Value

ηc,0 Nominal charge efficiency 0.96
ηd,0 Nominal discharge

efficiency
0.95

α, β Efficiency curvature
coefficients

0.12, 0.10

Ro Internal resistance at 50%
SoC

0.025 Ω

γ1 SoC-dependent resistance
coefficient

0.015

γ2 Thermal coefficient 0.0015/◦C

Figure 5. Nonlinear Charge–Discharge Efficiency and Re-
sistance Behavior in the Proposed SoC-Dependent Battery
Model

From the above figure 5, The suggested nonlinear bat-
tery model exhibits SoC-dependent round-trip efficiency
and internal resistance profiles. The graphs show non-
symmetric charging and discharging efficiencies and SoC
dependent resistance changes typical of actual lithium-ion
performance.

3.4.2 Sensitivity Analysis: Constant vs Dynamic Battery
Efficiency

Two configurations were tested to quantify the potential
impact of efficiency modeling on optimization accuracy:

(1) Constant Efficiency Model

ηc = ηd = 0.95 (linear model)

(2) Dynamic Efficiency Model
Using the nonlinear SoC-dependent model from Sec-
tion 3.4.1

(a) Impact on Energy Dispatch
Dynamic modeling resulted in an accuracy improve-
ment of 13.4% for battery dispatch, most notably
during times of high PV generation when automati-
cally charging near high SoC is discouraged.

(b) Impact on Operational Cost
Assumptions of constant efficiency led to an under-
estimation of losses, thus the dynamic modeling was
7.8% more costly.

(c) Impact on DRL Policy Learning
Dynamic efficiency saw the Transformer-DRL agent
achieving a faster convergence by 9.2% attributed to
the more realistic transition dynamics.

Figure 6. Effect of Efficiency Model on Battery Dispatch
& Cost

Figure 6. The effect of battery efficiency being constant
as opposed to being dynamic on dispatch and operational
costs. The dynamic model based on the state of charge
shows better dispatch accuracy and brings to light some
additional losses that the constant efficiency assumption
does not consider.

(a) Summary of Modeling Assumptions for PV,
Load, EV, and Network
In order to improve understanding and reproducibil-
ity, a thorough summary of the factors considered in
the modeling has been presented. Solar energy pro-
duction is depicted through static performance curves
of the modules with temperature-dependent adjust-
ments; on the other hand, electric vehicle (EV) ar-
rivals are treated as a Poisson process with random
dwell times that change every hour.

The distribution network is modeled according to the
IEEE-33 bus system, including the usual operating con-
straints, and mobility patterns are simulated by using
SUMO traffic flows that reflect morning and evening peak
times. To portray the temporal variability and stochastic
behavior, residential and commercial power consumption
is modeled with real profiles. Together, these assumptions
present a systematic approach for the simulation of the
integration of PV, EV, and the grid.

The optimization framework considers essential limita-
tions of the physical system to allow for realistic operations
that are within the grid’s limits. The transformer is loaded
with a maximum of 80% of its thermal rating in order to
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Table 5
Performance Comparison: Constant vs Dynamic Battery Efficiency

Metric Constant Efficiency Dynamic Efficiency Improvement
Cost reduction (%) 21.4 27.8 6.4

Peak load reduction (%) 28.9 36.5 7.6
PV utilization (%) 78.3 85.2 6.9

DRL convergence episodes 1350 1230 ↓ 120

Table 6
Key Assumptions for Photovoltaic Generation, Load, EV Behavior, and Distribution Network

Domain Assumption Description
PV Static module performance curves Temperature coefficient -0.31%/◦C
EV Poisson arrivals + stochastic dwell

time
λ varies by hour

Grid IEEE-33 bus Voltage limits ±5%
Mobility SUMO traffic flows Morning and evening peaks
Load Residential + commercial mix Based on real profiles

keep it from overheating; meanwhile, feeder currents are
limited in such a way that distribution lines are not over-
loaded. Moreover, it is planned that the voltage stability
will vary by ±5% and the operation will be reliable. The
Battery Energy Storage System (BESS) also bears the cost
of degradation, primarily due to deep cycling and high
C-rate operations, which are included in the Deep Rein-
forcement Learning (DRL) reward function. These degra-
dation penalties guarantee that the battery’s health over
the long term is the main concern during the optimization
process, preventing overly aggressive charging/discharging
cycles that could shorten its lifetime. Real-world system
limitations are reflected in the problem of optimization by
the inclusion of these operational constraints, thereby lead-
ing to energy storage and grid management scheduling so-
lutions that are more feasible and robust.

3.5 Summary

This section introduces the multi-zone urban testbed,
where distributed PSC nodes (combining PV, storage, and
EV charging) serve as localized hubs that interact with
coupled transportation and energy systems. We describe
the nodes’ design, grid topology (based on a modified IEEE
33 bus feeder), and integration with EV traffic zones in de-
tail. Along with realistic component specifications and the
simulation environment, a co-simulation architecture link-
ing MATLAB/Simulink, SUMO, and PyTorch has been
established. The layout figure provides the spatial and
cyber-physical interactions that are fundamental for the
next stages of the optimization work.

4. Hybrid Federated Transformer-DRL Opti-
mization and Algorithm Design

The primary goal of the proposed framework is to optimize
the operation of distributed photovoltaic (PV) storage and
electric vehicle (EV) charging systems in coupled trans-
portation and energy networks, focusing on minimizing

operational costs, enhancing energy efficiency, and level-
ing grid load peaks. The objective function captures var-
ious performance metrics, such as lowering energy costs
procured from the grid, increasing the use of on-site solar
energy, as well as flattening peak demand to release the
grid of its load (Fig. 7). These objectives are mathemati-
cally designed to provide a balance between the economic
and reliability benefits of the system, thus allowing energy
dispatch decisions made at each PSC node to be compati-
ble with general network efficiency goals [17].

Figure 7. Conceptual Illustration of the Multi-Objective
Optimization Problem Formulation and System Opera-
tional Constraints

The optimization problem is limited to practical con-
straints for the operation part of the physical systems.
These constraints include grid capacity boundaries, EV
charging deadlines that depend on user requirements, and
battery state-of-charge (SoC) limits that are set to main-
tain battery health and longevity. Also, there are restric-
tions on net metering policies and regulatory time-of-use
(ToU) tariffs, which are factors that can influence charg-
ing schedules and energy exchange dynamics [18]. Alto-
gether, these constraints constitute a very complex, multi-
dimensional feasible region in which the framework can
find the optimal control actions.
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4.1 Federated Learning Framework Design

The federated learning module is a client-server model
wherein each PSC node represents a federated client that
carries out local model modifications based on its secluded
data, whereas a central server combines these adjustments
to yield a global model (Fig. 8). Such a decentralized train-
ing scheme ensures that potentially sensitive data related
to user charging habits and locally derived load profiles are
kept private and are hence more compliant with privacy
laws and regulations. Only during these communication
iterations are the model weights exchanged, not the actual
datasets [19]-[20].

Figure 8. Federated Learning Architecture Depicting Lo-
cal Model Training at PSC Nodes, Central Aggregation,
and Iterative Communication Flow

In order to combine the local models more efficiently,
the framework applies a modified version of the well-known
FedAvg algorithm that calculates the weighted averages of
updates received from each client, thus allowing for dis-
crepancies in local dataset sizes and computing capabili-
ties. The communication protocol is designed in such a
way as to have less latency and less bandwidth consump-
tion. This is achieved by finding a compromise between the
frequency of synchronization rounds and the speed with
which the model converges [21]. Such a design makes the
system scalable to a large number of heterogeneous PSC
nodes, holding diverse data distributions and operational
characteristics.

4.2 Transformer-Based DRL Agent Architecture

The deep reinforcement learning circuit potentiated by
Transformer architecture is the main source of the decision-
making processes of each PSC node (Fig. 9). Compared
to conventional recurrent neural networks (RNNs) or long

short-term memory (LSTM) networks, the Transformer
is able to utilize self-attention mechanisms for getting all
long-range temporal dependencies and complicated corre-
lations in ground data such as solar irradiance, EV arrival
patterns, and grid loads [22]-[23]. Positional encoding in
the Transformer maintains the order of the inputs, thus
allowing the agent to properly understand the changing
system states over different time periods.

Figure 9. Detailed Architecture of the Transformer-based
DRL Agent, Highlighting Self-attention Mechanisms and
Policy Output Generation

The function approximator for the neural policy consists
of the Transformer encoder layers stacked one on top of
another, which transform the sequential inputs to feature
embeddings that are then used by the DRL policy to de-
cide battery dispatch and EV charging [24]. The compar-
ison held empirically indicates that the Transformer-DRL
agent performs better than LSTM-based counterparts. It
is more stable, converges faster, and is more adaptable to
the non-stationary environment. This selection of archi-
tecture supports strong policy learning, which is applica-
ble to different operating conditions met in urban energy-
transportation ecosystems.

4.2.1 Modeling Rapid PV Fluctuations

Weather occurrences of a transient nature, like cloud pass-
ing, can make the PV output swing rapidly by 20–40% in
5-minute intervals. To realistically represent these fluctu-
ations, the model is designed to include rolling forecasts
using the last six time steps, which are then incorporated
into the state representation for the DRL agent. As a re-
sult, the agent can foresee a short-term drop in irradiance
and thus make an adjustment in energy dispatch before-
hand.

4.3 Policy Training and Interaction Flow

The hybrid FL–T-DRL framework’s process of training in-
volves a multi-episode interaction cycle, that is, each PSC
node keeps on interacting with its local environment, which
is the coupled PV-storage-EV system and related load and
generation profiles. At every instance, the agent gets the
current state of the environment that consists of battery
SoC, solar generation forecast, and EV charging require-
ments, and then picks out control actions that will be en-
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ergy dispatch and charging schedules [25]. The environ-
ment agrees by moving to the next state and offering a
reward signal as feedback, which is supposed to facilitate
cost reduction, peak load minimization, and renewable uti-
lization maximization. The way reward shaping is done is
the basis for the agent’s behavior that is aligned with sys-
tem objectives. The reward also includes some penalties
that are imposed when certain constraints are violated,
such as in the case of battery degradation limits or if the
EV charging deadline is not met (Fig. 10). Local training
episodes are followed by parameter updates and federated
aggregation, which then recalibrate the global policy and
send it back to clients. Such a cyclical methodology pro-
gressively upgrades policy performance and, at the same
time, ensures the continuous learning and optimization in
urban environments that are dynamic due to changes in
environmental and load conditions [26].

Figure 10. Flow Diagram Illustrating the Policy Train-
ing Loop, Environment-agent Interaction, and Federated
Learning Update Cycle

One of the main features of the proposed framework
is the commitment to data privacy and scalability, which
are the fundamental design criteria. The federated learn-
ing scheme is fundamentally user privacy compliant and
meets strict data governance rules as only model gradients
or weights are exchanged while sensitive operational data
is confined to local PSC nodes [27]. Besides these mea-
sures, encrypted communication channels and differential
privacy can also be adopted to reduce risks of data leaks
or inference attacks during model aggregation further. On
the other hand, the issue of scalability has been resolved by
allowing asynchronous communication and convenient ag-
gregation intervals; thus, nodes can have different network
strategies and computing capabilities and still be able to
access the same system. The system is tolerant of varia-
tions in data distribution, thus it is possible to implement
updates to personal models that correspond to local condi-
tions without affecting the generality of the global model.
Together, these elements turn the framework into a practi-
cal and resilient solution that can be deployed in real-world
large-scale smart city infrastructures [28].

4.3.1 Reward Weight Selection, Normalization Strategy,
and Sensitivity Analysis

The composite reward function is composed of three terms:
cost (λ1), emissions (λ2), and reliability (λ3). In order

to support the equal participation of every objective, a
normalization procedure was adopted:

λi = 1σi

Where σi stands for the standard deviation of the single
objective for 100 baseline episodes.

(a) Weight Optimization Process
The three-stage process was applied to select the
weights: the first was a coarse grid search done ini-
tially over the range of 0.1–1.0, followed by fine-
tuning with multi-objective Pareto-frontier smooth-
ing, and then empirical adjustment throughout
successive federated training rounds.Final selected
weights: λ1 = 0.55, λ2 = 0.25, λ3 = 0.20.

(b) Sensitivity Analysis
The model presented moderate robustness sensitiv-
ity analysis with a variation of ±20% in the weight-
ing factors, which resulted in peak load reduction
changing by ±4.7%, cost reduction by ±3.9%, and
EV charging reliability by ±2.5%.

Figure 11. Pareto Frontier of Reward Weight Configura-
tions

Table 7
Reward Weight Sensitivity Results

Variation Cost
(%)

Peak
Load
(%)

PV
Utilization

(%)
-20% λ1 -3.1 -4.7 -2.8
+20% λ1 +3.9 3.2 2.1
-20% λ3 -1.8 -0.7 -0.7

Figure 11. shows the Pareto frontier that visualizes the
performance trade-offs for different configurations of the
reward weights. The configuration finally chosen manages
to reach a perfect balance between the reduction of the
cost and the mitigation of the peak load, thus ensuring
the reliability and robustness of the system.
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4.4 Uncertainty-Aware Learning and Probabilis-
tic Forecast Integration

In environments with unstable solar generation and un-
predictable EV charging behavior, managing uncertainty
is a must for maintaining normal operations. The DRL
framework that is suggested to deal with these issues com-
bines, on the one hand, probabilistic forecasting and, on
the other hand, adaptive learning mechanisms that enable
the agent to foresee and react to variability. The prob-
abilistic irradiance forecasts based on past variance and
weather-conditioned confidence intervals offer a more elab-
orate depiction of PV uncertainty. The EV arrival times
are forecasted through distributional predictors that not
only show mean trends but also consider tail risks linked to
peak mobility times. The DRL agent, during the periods of
increased uncertainty, adaptively modifies its exploration
rate, which leads to more careful policy updates. More-
over, the attention-based Transformer model does tempo-
ral smoothing and thus greatly reduces the negative impact
caused by sudden prediction changes. All these methods
combined give the learning process improved power, sta-
bility, and resistance to non-stationary and stochastic op-
erating conditions.

4.5 Summary

Section 4 details the primary methodological innovation: a
hybrid optimization method that merges Federated Learn-
ing (FL) with Transformer-based Deep Reinforcement
Learning (T DRL). The multi-objective problem formu-
lation (cost, efficiency, load leveling) under practical con-
straints (grid limits, battery SoC, charging deadlines) is
the starting point. Next, the FL architecture, aggregation
strategy, and communication protocol are depicted along
with the design of a Transformer DRL agent that uses
self-attention and positional encoding. This section then
summarizes the policy training loop, reward conception,
FL integration, and finally privacy and scalability issues
discussed with respect to real-world deployment.

5. Experimental Setup and Simulation Environ-
ment

Experiments were carried out using a realistic mid-scale ur-
ban testbed designed to represent five heterogeneous zones
of the city that include residential, commercial, and mixed-
use areas. Each zone is composed of several photovoltaic-
storage-charging (PSC) nodes combined with electric ve-
hicle (EV) charging stations and battery energy storage
systems (BESS). The electrical network is illustrated by a
modified IEEE 33-bus radial distribution feeder, which is
well-known for its popularity in distribution system stud-
ies and its versatility to integrate renewable generation and
EV loads. When power flow analysis can be done in de-
tail without problems, this network topology also allows
the evaluation of the application of distributed energy re-
sources in different load conditions. The transportation

network is achieved through SUMO, which can imitate the
genuine traffic flows, the arrival/departure of the EVs, and
the parking habits. This combination allows considering
the spatiotemporal coupling between energy demand and
urban mobility patterns, which is essential for the correct
optimization of PV storage and EV charging operations
[29] [30]. The integration of power system and transporta-
tion modeling in the testbed offers a complete environment
to measure the performance of the proposed hybrid feder-
ated learning approach. By recreating the realistic interac-
tion dynamics in five different urban zones, the testbed is
able to depict the complexity and scale challenges that oc-
cur in today’s smart cities. This testbed acts as a platform
for further implementation of control policies and algorith-
mic optimization under a distributed privacy-preserving
setting.

5.1 Simulation Tools and Integration

To model the coupled transportation-energy system in
a realistic manner, the research employs a co-simulation
environment that combines three major software pro-
grams: MATLAB/Simulink, SUMO, and PyTorch. MAT-
LAB/Simulink is mainly concerned with the electrical net-
work modeling of the system. It handles tasks such as PV
generation, storage battery charge-discharge cycles, and
grid interactions that include power flow and load man-
agement [31]. SUMO sets up a dynamic traffic simulation
environment that produces time-stamped EV arrival and
departure data based on practical urban mobility patterns,
which directly affects charging demand profiles created in
Simulink. The federated learning algorithms, particularly
the Transformer-based deep reinforcement learning agents,
are realized and educated through PyTorch, which man-
ages decentralized policy learning over distributed PSC
nodes [32].

Figure 12. Integrated Co-Simulation Architecture for the
Proposed Hybrid Federated Transformer-DRL Framework

Data happening at predetermined intervals ensures syn-
chronization between these platforms, state variables such
as load demand, battery state-of-charge (SoC), and EV
charging schedules can be shared without interruptions.
In this tightly coupled simulation, the immediate effect
of traffic flows on energy demand and vice versa is al-
lowed, thus the learning algorithms’ performance in such
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Table 8
Simulation Parameters and Component Specifications

Parameter Value / Range Description
PV System Capacity 50 kW per PSC node Rated power output of photovoltaic arrays
Battery Capacity 100 kWh Energy storage capacity of BESS

Max Charge/Discharge Rate 50 kW Power limits for battery charge/discharge
EV Charging Power 7 kW Standard Level 2 EV charger rating

Solar Irradiance Data Resolution 5 minutes Temporal granularity of solar irradiance data
EV Arrival Model Poisson distribution Time-varying EV arrival rates

Grid Model Modified IEEE 33-bus feeder Electrical distribution network representation
Tariff Structure Time-of-Use (ToU) Dynamic energy pricing model

Number of PSC Nodes 10 Federated learning client nodes
Communication Interval 10 episodes Frequency of model aggregation

a dynamic and interconnected environment can be eval-
uated accurately. Figure 12 depicts the overall architec-
ture of the co-simulation setup, outlining the data flow
and interaction among MATLAB/Simulink, SUMO, and
PyTorch modules, emphasizing the closed-loop system en-
abling real-time optimization [33].

5.1.1 Cross-Platform Synchronization Between MAT-
LAB/Simulink, SUMO, and PyTorch

In order to synchronize the different simulation environ-
ments with respect to time, a platform-independent syn-
chronization mechanism is put into place. For example,
electrical simulations in MATLAB/Simulink are carried
out every 5 minutes, whereas SUMO performs traffic sim-
ulations every second and then aggregates the data to fit
the 5-minute decision-making interval of the DRL agent
implemented in PyTorch.

Figure 13. Timing Diagram of Cross-Platform Synchro-
nization Between MATLAB/Simulink, SUMO, and Py-
Torch

In the above Figure 13, A timing diagram that shows
the synchronization between MATLAB/Simulink, SUMO,
and PyTorch across different platforms. Aggregation, data
streaming, and decision intervals are mapped in a way that
ensures temporal consistency and robust federated learn-
ing. Deep federated learning is the mediator, and it occurs
after every 10 episodes. A reliable communication link is
set up via TCP/IP between MATLAB and Python, and
TraCI is employed for the real-time data streaming to and
from SUMO. The synchronization controller takes care of
the proper timestamping and the event causality, which in
turn leads to stable convergence, robust learning in non-
stationary circumstances, and privacy-preserving coordi-
nation. Figure 13 illustrates the timing diagram of the

synchronized interactions and the decision-making process
among the three environments.

5.2 Parameter Settings and Dataset Description

Various real-world datasets and component details are used
in the simulation to validate the model’s effectiveness in
real-life situations. 5-minute solar irradiance data are col-
lected from local weather stations, which represent the di-
urnal and seasonal variability of the solar output. The
arrival and departure schemes of electric vehicles are gen-
erated as time-dependent Poisson processes to imitate the
traffic pattern of city areas during rush and off-peak hours.
Consequently, the EV charging profile will have a grad-
ual variation. Battery storage incorporated in the PSC
nodes has a capacity of 100 kWh, and the corresponding
charge/discharge operation power is limited to 50 kW; and
these parameters are typical for the common production
system of battery storage. The electric vehicle charging
station (EVCS) is assumed to be equipped with a Level 2
charger with a nominal power of 7 kW, and it is a compro-
mise between charging speed and infrastructure require-
ments.

Among other things, the economic and operational mod-
els considered in this study are the Time-of-Use (TOU)
tariff and net metering policies, which may be regarded as
pricing incentives and the interaction between the power
system and the customer in real life. The third table gives
a detailed summary of the parameters, including rated pa-
rameters of individual devices, characteristics of datasets,
and simulation experiments. By setting up these param-
eters carefully, the experimental evaluation can present a
very close representation of real urban energy systems and
their capabilities [34].

5.3 Performance Metrics

The evaluation of the proposed hybrid federated
Transformer-DRL optimization approach mainly focuses
on the technical and economic aspects through a set of key
performance indicators. One of the main criteria is the re-
duction of peak grid load, which quantifies the power of
the designed framework to smooth demand peaks, which
in turn is crucial for grid stability and saving costs. The
rate of photovoltaic utilization indicates how much local
solar power generation is consumed, which has a direct
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impact on the main goal of the system–the integration of
renewables. Free operational cost savings become visible
in energy expense through more efficient utilization of en-
ergy storage and storage discharging. Benchmarking of
the learning algorithm convergence evaluates the training
efficiency and scalability, and an adaptability index eval-
uates the robustness of the solution under varying traffic
and weather conditions. These performance metrics are
viewed together as a whole to judge the framework in com-
parison with centralized DRL and rule-based methods as
baselines with respect to their merits in various aspects
of the problem. In this study, the advantages of feder-
ated learning in privacy, scalability, and operational per-
formance in transport-energy coupling are shown by strin-
gent benchmarking.

5.4 Algorithm of Hybrid Federated Transformer
DRL Optimization

Algorithm 1 below describes the hybrid Federated Trans-
former DRL iterative workflow in which local training at
PSC nodes, model aggregation, and global policy updates
under system constraints happen concurrently.

Algorithm 1 Federated Transformer-DRL Training Pro-
cedure
Input: N — number of PSC nodes (clients)

T— number of global communication rounds
E— number of local DRL training episodes per round
K— number of time steps per episode
θglobal— initial global model parameters
Di— local environment data / dynamics at node i
γ— discount factor
α— learning rate
constraints— operational constraints (SoC, grid limits, deadlines,
etc.)

Output: θglobal — trained global model parameters
{θi}— final local models at each PSC node

Begin
for round = 1 to T do

for each PSC node i = 1 to N (in parallel) do
θi ← θglobal ▷ initialize local model
for episode = 1 to E do

Initialize local environment state S0

for t = 0 to K - 1 do
at ← Transformer-DRL Policy(θi, st) subject to

constraints
Execute action at in node i’s local environment
Observe next state st+1, reward rt
Store transition (st, at, rt, st+1) in local buffer
If ready, sample batch from buffer and update θi

using gradient descent:
θi ← θi − α∇θL(θi) ▷ loss includes reward,

constraint penalties
end for

end for
Send model update ∆θi = θi− θglobal (or θi) to aggregator

end for
▷ Aggregation step

θglobal ← Aggregate({∆θ1,∆θ2,−,∆θN}) ▷ e.g. weighted
average (FedAvg or variant)

Broadcast updated θglobal back to all PSC nodes
end forreturn θglobal, {θi}

End

5.5 Summary

Section 5 outlines the evaluation of the suggested frame-
work in real-world scenarios. The layout of a testbed
is explained with details of zonal PSC node position-
ing, grid traffic coupling, and the software used (MAT-
LAB/Simulink for energy, SUMO for mobility, PyTorch
for learning). We disclose the origins of datasets, param-
eters (e.g., PV ratings, battery specs, EV charger power,
tariffs) and arrival models. To assess the performance of
our method compared to baselines, we select several evalu-
ation metrics such as peak load reduction, PV utilization,
cost savings, convergence speed, and adaptability. A dia-
gram shows the co-simulation architecture along with the
flow of data across the various modules.

6. Results and Performance Analysis

This part includes the experimental evidence supporting
the effectiveness of the suggested Hybrid Federated Trans-
former DRL method which is first commented on its local
results, followed by comparative, convergence, robustness,
and parameter sensitivity analyses. All findings come from
the co-simulation of the energy, mobility, and learning sub-
systems, confirming the ability of the method to achieve
peak shaving, increase PV utilization, and reduce operat-
ing costs in practice.

6.1 PV Utilization over Time

One of the main advantages of the Hybrid Federated Trans-
former DRL method that the authors mention is the in-
crease in the photovoltaic (PV) energy utilization level over
time in the experiments. Figure 14 indicates that the sys-
tem obtains on average a PV utilization rate of more than
85% in daylight hours, with the highest utilization even
going up to 95% (Fig. 14). Such a high utilization rate
points out the good interplay of local energy production
and local energy consumption, in which the loss of energy
can be almost negligible and therefore the effectiveness of
the system can be improved. Besides, the hourly PV uti-
lization also shows a very comprehensive battery charging
plan which ensures the battery storage systems are charged
not only during the hours of the day with the highest so-
lar energy, but the battery and therefore the system are
discharged during the hours in which the demand is at its
peak.

This strategy not only helps in the most efficient use
of renewable energy resources but also contributes to the
stability of the grid. This is because the need for energy
from the grid is reduced which, consequently, lessens the
dependency on it. The fact that the policy learned keeps
its performance over the different days is, therefore, an
indication of its robustness in the control of energy flows
in the system.
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Figure 14. Hourly PV Utilization (%) Under the Proposed
Hybrid Method

6.2 Battery State-of-Charge (SoC) Dynamics

The battery storage systems experience rather safe and ef-
ficient charging and discharging cycles throughout their
entire operation. Figure 15 provides a picture of the
variations of battery SoC at different points along the
grid, with batteries operating in the range of 20% to 90%
SoC(Fig. 15.). It has been proven that this is the optimal
SoC range because it promotes long-term battery health
and also battery life cycle, simultaneously, it doesn’t allow
deep discharge and overcharge conditions.

Figure 15. Daily Battery SoC Trajectories for PSC Nodes
under the proposed policy

The patterns in the State of Charge (SoC) show that
the charge is well-balanced between the times when the
batteries are charged during low-demand periods and high
solar generation and discharged during the peak-demand
times. This interplay not only upgrades the use of solar en-
ergy directly produced on-site but also empowers demand-
side management through peak mitigation. When charg-
ing and discharging are slowly replacing each other, the
performance of the Transformer DRL agent in executing
complex energy management strategies through its learn-
ing algorithm becomes apparent.

6.3 Grid Peak Load Profile

The paramount goal of the suggested approach is to lower
peak load occurrences on the distribution network. Fig-
ure 16 illustrates the grid load profile throughout the day.
As can be seen from the graph, the peak demand has sig-
nificantly dropped compared with the baseline situation.
The system has reached the goal of peak load reduction
by about 36.5%, thus showing the feasibility of the coor-
dinated control strategy in flattening the load curve.

Figure 16. Comparison of 24-hour Grid Load Profiles (kW)
Under Proposed and Baseline Schemes

The main reason for the peak load reduction is that the
charging and discharging of EV batteries have been sched-
uled in an intelligent way and this has allowed the shift of
energy consumption from peak to off-peak periods. The
result has been the reduction not only of the load on the
grid but also the optimization of the energy resources that
are available, thus leading to the improvement of the over-
all system efficiency. The fact that a balanced load pro-
file can be maintained throughout the day also testifies to
the robustness and adaptability of the proposed method in
real-time operations.

6.4 Operational Cost Trends

The effectiveness of the proposed method in economic
terms is assessed by studying the operational costs over
the simulation period. Figure 17 depicts the cumulative
operational cost, indicating the gradual increase of the line
that is much lower than the baseline scenarios. The system
is able to decrease the cost by nearly 27.8%, thus the pro-
posed control strategy can be considered as economically
viable.

The principal reasons for the cost savings can be found in
the optimized use of solar energy that is generated locally
and in efficient battery management, which in turn lowers
energy purchases from outside sources. Furthermore, EV
charging off-peak hours coupled with the peak-hour man-
agement of the grid results in energy cost minimization.
The cost trend that is observed at different points in time
is a reflection of the learned policy’s capability to retain
economic efficiency over the long term.
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Table 9
Comparative Performance Metrics

Metric Hybrid Federated
Transformer DRL

Centralized DRL Federated DRL
(No Transformer)

Rule-Based
Control

PV Utilization (%) 85.2 78.5 80.3 65.1
Peak Load Reduction (%) 36.5 22.1 28.4 15
Operational Cost Reduction (%) 27.8 12.5 18.3 5
Battery SoC Stability (%) 20-90 25-95 30-85 40-80
Grid Load Profile Flattening (%) 33.2 18.7 25.1 10
Convergence Time (Episodes) 1000 1500 1200 N/A
Sensitivity to Variability (%) 5.6 8.3 6.7 12
Communication Frequency Impact (%) 3.2 5 4.2 N/A

Figure 17. Cumulative Operational Cost Over Time Com-
paring Proposed and Baseline Methods

6.5 Comparison with Baseline Methods

We have tested their proposed Hybrid Federated Trans-
former DRL method against multiple different baseline
strategies, among which are centralized DRL, federated
learning without Transformer integration, and traditional
rule-based approaches. The results are presented in Fig-
ure 18, showing that the proposed method has surpassed
all baselines along with key performance metrics, such
as 31.2% higher PV utilization, 36.5% peak load reduc-
tion, and 27.8% operational cost savings. This is a strong
indication of the effectiveness of combining Transformer-
based temporal modeling with DRL in the federated learn-
ing framework. The excellent accomplishment of the hy-
brid protocol is mainly due to the realization of the long-
term dependency on energy generation and consumption
patterns through the implementation of the transformer
module, while the DRL agent manages real-time interac-
tion results. The use of federated learning secures privacy
and communication efficiency by promoting decentralized
training. Centralized DRL models, on the other hand, are
often subject to scalability issues and high communica-
tion costs, whereas rule-based methods have no capacity
for adaptability and do not use learning like the proposed
approach.

As summarized in Table 9, the Hybrid Federated Trans-
former DRL method is more effective in a variety of aspects
than the other baseline methods. The suggested frame-

Figure 18. Comparative Performance Metrics Across Mul-
tiple Control Methods.

work comes out on top because it can catch the tempo-
ral dependencies through the use of the Transformer en-
coder and still conduct FL privacy-preserving distributed
training at the same time. Centralized DRL cannot scale
up its performance, and it also has high communication
costs, while non-Transformer FL agents have short-term
sight and therefore cannot exploit long-range correlations.
The hybrid model considers and is able to manage both
aspects, which results in a steady and uniform increase in
performance across all the metrics.

6.6 Convergence Behavior and Learning Effi-
ciency

The metrics for learning efficiency and convergence behav-
ior of the proposed method were gathered from reward
and loss curves tracking. The hybrid model experiences a
swift convergence, reaching a stable reward plateau within
1000 training episodes, according to Figure 19. The loss
function, which shows a gradual reduction, indicates that
learning is being done effectively and there is minimization
of overfitting. All baseline models, on the other hand, re-
flect slower convergence and reward trajectory with higher
variance. Fast convergence is one of the many strengths
of the Transformer module, which has the capability of ef-
ficiently handling temporal data and thus equipping the
DRL agent with a database full of context. This leads to
the quick learning of the optimal policies. Also, the feder-
ated learning setup gives the possibility of parallel exercise
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at various nodes, and this further makes for steeped-in
learning quality. The speed of training and stability is just
one of the benefits that the proposed hybrid solution offers.

Figure 19. Training Reward and Loss Curves for Proposed
Method vs. Baseline

6.7 Robustness Under Traffic and Weather Vari-
ability

In order to verify the robustness of the recommended so-
lution under a range of different circumstances, a number
of simulations were arranged in such a way as to include
the variabilities of both weather and traffic. As demon-
strated in Figure 20, these disturbances do not greatly af-
fect the performance of the system. This is seen by the fact
that both PV usage and operational costs remain within
their acceptable ranges. The learned policy’s capability to
change according to such varied conditions underscores its
adaptability and durability.

Figure 20. Performance Degradation Under EV Surge and
Irradiance Variability Scenarios

The main reason for the system’s robustness should be
credited to the Transformer module, which is able to un-
derstand the time-related connection between the data and
to predict the future data, and this way the DRL agent will
be able to decide what to do. Also, federated learning plays
a part in this by allowing local changes corresponding to
the specific conditions of the nodes, thus making the whole

system more resistant. The results from here are an indica-
tion of the proposed method being a very good solution in
the presence of the above conditions and also in situations
characterized by uncertainty and variability.

Figure 21. FL Convergence Across Heterogeneous vs Ho-
mogeneous Microclimate Conditions

The differences in microclimate between areas and their
impact on system performance are very important in the
simulation of energy generation, storage characteristics,
and learning convergence. The regions that have lower
solar irradiance intensity show different and more frequent
behaviors: they often depend on the grid, the battery dis-
charges are shorter, and they react more to the price sig-
nals. Energy flow variations have impacts on both the
storage system’s operational decisions and the whole op-
timization process. These different behaviors in federated
learning help the global model, and the aggregation process
is subjected to even more different sets of operational pat-
terns. Consequently, the model gains better convergence
stability and robustness since the learning process includes
a wider range of environmental conditions. The experi-
mental outcomes verify that the inclusion of microclimatic
data into the federated framework boosts its generaliza-
tion capability, thus the system becomes more versatile to
the real-world variability. Figure 21(c) shows the differ-
ence in the convergence behavior of the FL model trained
on heterogeneous microclimatic conditions as opposed to
homogeneous ones.

6.7.1 Mitigation Strategies in Energy Scheduling

The use of the Transformer-based attention mechanism
helps to mitigate sudden changes in the PV generation by
conveying the short-term context. A minor pre-charging of
the BESS during the high-variance intervals acts as a buffer
against unexpected drops in PV. The federated learning
aggregation contributes to the already mentioned model
robustness by allowing it to learn from the most diverse
fluctuation patterns of different urban areas, which in turn
gives the model the ability to cope with the temporary
weather changes more efficiently.
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6.8 Sensitivity to Federated Communication Fre-
quency

The effect of the frequency of federated communication on
the performance of the system was examined by changing
the aggregation intervals during training. As indicated by
Figure 22, the closest communications (every 5 episodes)
allow a slight improvement of the performance at a cost
of higher communication overhead. Distant communica-
tions (every 20 episodes) result in the lowering of perfor-
mance. The best ratio between the two is at an interval of
10 episodes, where both aspects are balanced. This anal-
ysis of sensitivity serves to accentuate the point that the
best position of the communication point in the federated
learning method is one of the keys to successfully achieving
optimal performance.

Figure 22. Sensitivity Analysis of Performance vs. Aggre-
gation Frequency

Figure 23. Trade-Off Between Synchronization Frequency
and Global Policy Accuracy

In energy management based on federated learning, syn-
chronization frequency selection is a decisive factor in com-
munication cost and global model accuracy trade-off. For
instance, if the sync frequency is lower than normal, there
will be a noticeable reduction in bandwidth and commu-
nication delay. On the downside, local models might get
too far apart, and this could translate into limited global
convergence and even more instability in the case of rapid
changes in operating conditions. However, it is quite the
opposite with very frequent synchronization, which causes

consistency amongst nodes to be very high, but on the
other hand, it leads to increased communication costs, es-
pecially in dense urban areas where PSC nodes are depen-
dent on limited LTE/5G channels. The results of the ex-
periments suggest that the intervals between the synchro-
nization of 10 episodes create a perfect balance between
efficiency in computation and communication, stable con-
vergence being the output without the network being over-
whelmed. Latency tests also imply that the model keeps
being effective up to 180–220 ms end-to-end delay, past
which the freshness of updates starts to negatively affect
accuracy. New PSC nodes entering the federated network
are re-weighted, and partial model upstarts are performed,
thereby allowing the newcomers to slowly synchronize with
the already existing global dynamics. Figure 23 shows the
global policy accuracy degradation pattern as a function
of different synchronization frequencies, thus justifying the
chosen configuration.

6.9 Scalability Limits, Complexity Trends, and
Communication Overheads

The evaluation of the scalability of the suggested Federated
Transformer-DRL architecture has revealed that both the
computational and communication loads rise very steeply
with the increase in the number of PSC nodes. The Trans-
former encoder has quadratic complexity O(n2d), thus
making the length of the sequence the main computer bot-
tleneck, while the communication cost under standard Fe-
dAvg aggregation scales linearly with the number of clients
as O(Np).

Figure 24. Scalability Analysis: Transformer Compute and
FL Communication Overhead

The empirical findings show that synchronous FL be-
gins to confront latency-induced harm after N > 120 PSC
nodes, whereas asynchronous FL prolongs this threshold
to about N > 160 nodes by diminishing global bottlenecks
(Fig.24). However, bandwidth saturation and the total
round-trip delay will eventually cause a reduction in learn-
ing efficiency. To overcome these scalability constraints,
adaptive aggregation—along with partial client sampling,
asynchronous updates, and 8-bit compressed model trans-
missions—has cut down the communication volume by
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38% and thus allowed the near-linear throughput to mid-
scale deployments.

6.10 Real-World Deployment Challenges and Im-
plementation Considerations

The deployment of the suggested framework in a real-world
scenario brings with it the practical issues that are not
limited to the yardstick of simulation-controlled environ-
ments. The communication delays in the public LTE/5G
networks can be quite different from one case to another;
however, by conducting trials, it has been found that the
federated learning process can cope with average delays of
up to 200 ms and still remain stable. The deployment on
different types of edge hardware further complicates the
situation so that asynchronous FL strategies become more
suitable for PSC nodes with varying computational powers.
On the other hand, the different EVSE standards (OCPP
1.6-2.0.1) create a non-uniformity problem that can only
be removed by providing a middleware layer for the inte-
gration that is not noticed by the end-users. And, there
are power supply constraints such as the limits of the ca-
bles and the performance levels of the transformers that
need to be constantly monitored even during operation.
On the one hand, FL minimizes the risk of exposing raw
customer data; on the other, the aggregation server still
poses a threat to cybersecurity. All of these mentioned
above are the practical issues that will affect future smart
city pilot real-world implementations.

7. Conclusion and Future Work

In this paper, a hybrid Federated Transformer-based Deep
Reinforcement Learning (FL–T-DRL) framework was in-
troduced to optimize the functioning of distributed pho-
tovoltaic (PV), battery energy storage, and electric vehi-
cle (EV) charging infrastructures in transportation-energy
networks that are coupled. The given solution was success-
ful in providing decentralized coordination between several
nodes of the PSCs and guaranteeing privacy and scalabil-
ity of data. The framework incorporated Transformer ar-
chitectures into a federated learning framework and was
useful at capturing long-term temporal dynamics of so-
lar generation, EV arrival dynamics, and grid demand dy-
namics. The simulation with MATLAB/Simulink, SUMO,
and PyTorch co-simulation showed that it is significantly
better than other baseline DRL and rule-based solutions,
with peaks in grid loads reduced by 36.5, PV utilization
by 31.2, and operational costs by 27.8. The structure
also proved to be more convergent and adaptable to traf-
fic and weather variations, which confirmed its appropri-
ateness in the real-time smart-city implementation. This
study will also be extended to hardware-in-the-loop (HIL)
validation in future research with either an OPAL-RT or
Typhoon HIL system to determine the feasibility in real
time. Other guidelines are multi-agent federated learn-
ing of cross-zone cooperation, federated hyperparameter
optimization to improve convergence stability, and incor-

porating real utility pricing signals to optimize adaptive
economic dispatch. The model can be extended to in-
clude vehicle-to-grid (V2G) interactions, forecast uncer-
tainty in renewable sources, and cyber-defensive aggrega-
tion schemes, which will add more weight to the practical
implications of the model. Finally, the suggested FL-T-
DRL will offer a privacy-compliant, scalable basis of sus-
tainable energy control in future intelligent city structures.
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