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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



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 oer a new hybrid architecture
which combines Federated Learning with Transformer-
based Deep Reinforcement Learning (FL -T-DRL) to op-
timize the energy ows 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 tra c, 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 pro le;
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 exibility
in di erent urban conditions [7]. These results con rm 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 simpli ed situations but are prone to scale fail-
ure in connecting multiple nodes in a time-varying envi-
ronment [8]-[9]. The uncertainty and enhanced exibility
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 signi cant 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 ine cient 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 specics of joint
energy-transportation systems [13]-[14]. Speci cally, 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 e ectively 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-



Table 1
Feature Comparison of Existing Methods and the Proposed FL-T-DRL Framework for PSC System Optimization

Approach / Scalgbility to E?er;gr?(rjaelncy Data Privgcy g:ggg{rt;l?;e d g?g;{.ﬁ ghsportation Co-SimyIation Adaptab_ility to

Feature Multiple Nodes . Preservation . A Capability Uncertainty
Modeling Learning Optimization

Rule-Based /

Convex O O O O O O

Optimization

Centralized DRL 0 0

(e.g., DON, PPO)

Federated Learning 0 0

(FL)

FL in Power

Systems (Basic O O U U

FFNN/RNN)

DRL for EV

Charging / BESS U 0 U U 0 U

Control

Transformer 0 0 0 0 0

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-
ciency 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 trac, the change of solar irradiance, and
diversity in load pro les. 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 Con guration and Operational Con-
text

The current study provides a mid-sized city model that can
re ect 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 modi ed IEEE 33-bus radial feeder,
which is a commonly used model in distribution system
studies and can realistically depict voltage and load pro les
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 pro les 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 e ects are found between the ve zones in the
metropolitan area [5]. The electric vehicle arrival and de-
parture schedule is arti cially created based on trac ow
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



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 con dential 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)
tari schemes that promote load shift by charging during

0 -peak hours. Such a system provides a realistic environ-
ment for testing the suggested federated Transformer-DRL
optimization framework [6]. The chosen modi ed 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- ow calculations for the
IEEE-69 bus system, on the other hand, were much larger,
less manageable, and the ow 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 e ciency.

Table 2
Comparison of IEEE-33, IEEE-69, and European LV
Networks
Feature IEEE-33 IEEE-69 EU LV
Bus Bus Feeder
Typical Size Medium Large Small-
/Medium
Voltage Drops Moderate High Very Low
Computational Moderate High Low
Load
Suitability for FL High Medium Low
+ Co-Simulation
Grid Congestion Good Very Limited
Modeling Good
EV/PV Integration Excellent Excellent Moderate
Studies

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 pro les 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 o ces, shops, and small businesses,
but they also show di erences 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 ows 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 re ect 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 in u-
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
e ect 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 awlessly. Figure 3(b) shows the
seasonal PV generation pro les for ve urban zones.

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

Figure 3. Seasonal PV generation pro les for ve 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.



Table 3

2-Key System Components with Ratings and Speci cations

Component Description Quantity/Scale Technical Speci cations

PV Modules Rooftop solar panels (residential & 120 units (5 zones) 5 kW each, 18% e ciency, 600 V DC
commercial)

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

rate, 95% e ciency

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%

Tra ¢ Network SUMO-based urban zones 5 districts Custom route modeling, tra c light

coordination

3.1.2 EV Mobility{Energy Coupling Challenges

The combination of electric vehicle (EV) mobility and en-
ergy systems represents a di cult 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- uctuating mo-
bility patterns, and the duration of their stay varies greatly
according to trip purpose, travel distance, and parking sit-
uation. The dierent 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 di erent parts of the city, such as
temperature, cloud cover, shading, and air quality, which
are the main factors a ecting photovoltaic systems, en-
ergy storage, and federated learning processes. To take
these di erences into account, the research categorizes the
city into ve separate zones, and each of them gets an
irradiance dataset that is unique and based on the local
weather measurements. The irradiance uctuation in these
zones can be as high as 18%, which results in signi cant
variations in the e ciency 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 speci c to each zone. This method
has the bene t 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 ve 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 di erent 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 di er-
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 Specications 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 re ect a commercially attainable set
of con gurations and their normal operating states [7].
This con guration enables a realistic testbed for eval-
uating the joint operation of energy and mobility assets
under diverse environmental and behavioral conditions.



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 ve operating zones, with each zone designed
with distributed PV-Storage-Charging (PSC) nodes con-
nected to the local grid through a modi ed 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 tra ¢ ows 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 dier-
ent local models for an update of the global model, thus
ensuring privacy and scalability [9] [10]. The data ex-
changes between the di erent 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 tra ¢ and parking habits,
apart from the EV charging station's arrival/departure

proles. 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 TraCl
APIls, 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 tra c 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
re nement [11]-[12].

3.3.1 Mobility Patterns, Urban Congestion, and EV
Surge Events

Tra c 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 uc-
tuations accurately, the researchers used SUMO simula-
tions that incorporated the e ects of urban tra c conges-
tion and mobility trends. The DRL agent accesses this
information to predict charging demand increases, espe-
cially during high trac stress periods, and alters the
battery dispatch plan to t that. The federated learn-
ing model involves tra c-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 bene cial when uctuations 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.

Ech\r/15 (t) =P Ige\lld (t) + P Q;De\r/1 (t) (1)

Exponential coe cients of and 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 di erential is used to model the change of charge
of the battery when we are taking into account the
charging and the discharging processes.

dSOCgV (t) — P(Fh\érge (t) P (!Figi:harge (t)

at CEv )




It is imperative in the prediction of battery perfor-
mance and also the operating energy management
system within safe and e ective limits.

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

PgEr}é (t) =P IE;/d (t) P gPe\r< (t) P sli(;/rage (t) (3)

It is essential to the evaluation of the in uence 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].

EV PV EV ;. EV EV EV 0 . .0
Leeapre =E~ (¢ +Eg Q Spy ; apy @
EV 0. Oy 2 EV ., EV PV :
Q (Stv a )) + PV -LTransformer (St)
EV PV : . .
Lfranstormer (i) 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 = BV:-CostV + EY:EmisonfY

+ EV :Reliabilty EY ®)
The priorities of these objectives can be assigned with
the help of the weights 1; 2, and 3, 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.

1) _ X ﬂ ®

EV .

(6)

k=1 n
nEY 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 signi cant sections of the input
sequence.

Attention  QBY ; KV ;Vay
TRV e T ©)
- softmax ~ JevKev. Ve

EV
dk

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.

t+1) _— ©® EV
= + o1 .
EV EV ! 5

+ QT siviagmaxQ sevia ®

Q (s;a) rQ (s;a)

It can more e ectively update using a target network

, 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 E ciency Modeling

The actual behavior of lithium-ion batteries is far from
being a simple linear charge{discharge curve as it is in-
uenced 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 e ciency together
with dynamic resistance characteristics.
(@) SoC-Dependent Round-Trip E ciency
The e ective charge ( ¢) and discharge ( d) e cien-
cies are SoC dependent and are given by:

(SoC 0:5) 2; 4(SoC)
(SoC 0:5) 2

c (SOC) = co (9)

= do

The parameters and represent the reduction in
e ciency 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)=Ro+ 1(1 SoC) %+ (T T rer) (10)

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

(c) Corrected Dynamic SoC Update
Using the nonlinear e ciency model, the SoC evolu-
tion becomes:



c(SoC)Pch ; Pch>0

EnOrB .
d -
dsoC)Enom — P dis >0

SoCt) = (11)
The model thus guarantees an accurate representa-
tion of the asymmetric losses during the charging and
discharging processes.

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

Plorates =Pmax @ (T T ")) (12)

When, T > TEV, capturing protective derating of
charge/discharge power.

Table 4
Parameters of Nonlinear Battery E ciency Model
Parameter Meaning Typical
Value
c,0 Nominal charge e ciency 0.96
d,0 Nominal discharge 0.95
e ciency
; E ciency curvature 0.12, 0.10
coe cients
Ro Internal resistance at 50% 0.025
SoC
1 SoC-dependent resistance 0.015
coe cient
2 Thermal coe cient 0.0015/ C

Figure 5. Nonlinear Charge{Discharge E ciency and Re-
sistance Behavior in the Proposed SoC-Dependent Battery
Model

From the above gure 5, The suggested nonlinear bat-
tery model exhibits SoC-dependent round-trip e ciency
and internal resistance proles. The graphs show non-
symmetric charging and discharging e ciencies and SoC
dependent resistance changes typical of actual lithium-ion
performance.

3.4.2 Sensitivity Analysis: Constant vs Dynamic Battery
E ciency

Two con gurations were tested to quantify the potential
impact of e ciency modeling on optimization accuracy:

(1) Constant E ciency Model

¢ = d = 0:95 (linear model)

(2) Dynamic E ciency 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 e ciency led to an under-
estimation of losses, thus the dynamic modeling was
7.8% more costly.

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

Figure 6. E ect of E ciency Model on Battery Dispatch
& Cost

Figure 6. The e ect of battery e ciency 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 e ciency assumption
does not consider.

(&) 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 tra c ows that re ect morning and evening peak
times. To portray the temporal variability and stochastic
behavior, residential and commercial power consumption
is modeled with real pro les. 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



Table 5

Performance Comparison: Constant vs Dynamic Battery E ciency

Metric Constant E ciency Dynamic E ciency 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 coe cient -0.31%/ C
EV Poisson arrivals + stochastic dwell varies by hour
time
Grid IEEE-33 bus Voltage limits 5%
Mobility SUMO trac ows Morning and evening peaks
Load Residential + commercial mix Based on real pro les

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 re ected 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 modi ed IEEE
33 bus feeder), and integration with EV tra c zones in de-
tail. Along with realistic component speci cations and the
simulation environment, a co-simulation architecture link-
ing MATLAB/Simulink, SUMO, and PyTorch has been
established. The layout gure 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 e ciency, 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 attening 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 bene ts of the system, thus allowing energy
dispatch decisions made at each PSC node to be compati-
ble with general network e ciency goals [17].

Figure 7. Conceptual lllustration 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) tari s, which are factors that can in uence 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
nd the optimal control actions.



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 modi cations 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 pro les 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 lterative Communication Flow

In order to combine the local models more e ciently,
the framework applies a modi ed 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 nding 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 (RNNSs) 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 di erent 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 di erent 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 uctu-
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 pro les. 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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